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Abstract

Abstract

Machine translation is a complex task in natural language processing. Traditional
statistical machine translation involves a large number of subtasks, including word seg-
mentation, named entity recognition, lexical analysis, syntactic analysis, etc. In recent
years, neural machine translation has made great progress and gradually replaced statisti-
cal machine translation with the development of deep learning and neural networks. The
demand of machine translation becomes more and more great. How to develop an accu-

rate and smooth translation system has become the focus of current research.

With the further development of deep learning, the performance on many tasks in
natural language processing has been greatly improved. In the field of machine translation,
compared with the traditional statistical machine translation method, the neural machine
translation method can realize sequence-to-sequence learning without constructing artifi-
cial features, and the deep learning method has great advantages in model expression and
language sequence representation. This paper mainly studies the neural machine transla-
tion to solve the following two problems. One is to solve the problems of over-translation
and under-translation by modifying the attention mechanism in neural machine transla-
tion. The second is to deal with the input from speech translation that may contain ASR
noises. Pinyin information and document-level information are introduced to correct the
wrong input. This paper aims to realize a translation system with high robustness and high

accuracy. The specific research contents are as follows:
1. Neural Machine Translation with Bilingual History Involved Attention

The attention mechanism has greatly enhanced the performance of neural machine
translation, since it can repeatedly and selectively read the representation of source sen-
tence to generate target word. However, we found that historical information of both
the target-end and the source-end were not fully exploited in conventional attention-base
NMT, which often leads to misalignment and make wrong prediction, especially in so-
phisticated cases. To solve this problem, we propose a novel Bilingual History Involved
Attention mechanism for text generation in NMT to tackle this problem, which maintains
two vectors to keep track of both the target-end history and the source-end history. Our

proposed approach achieves an improvement of 1.4 BLEU score in NIST Chinese-to-

I
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English translation tasks and significantly improves alignment quality compared to base-

line system.
2. Robust Neural Machine Translation with Pinyin Information for ASR Input

In many practical applications, the neural machine translation system must process
the input from the Automatic Speech Recognition system (ASR). The result of speech
recognition may contain some noises, especially the input generated in complex envi-
ronment, in which correct words are often wrong substituted by homophones and words
with similar pronunciation, often wrong to generate homophones and words with similar
pronunciation, leading to a sharp decline in translation performance. There are two ob-
vious problems in the construction of speech translation system: one is the inconsistency
between model training and testing, the other is that translation errors caused by input
noises. In order to improve the robustness of machine translation, this paper proposes
an innovative method to deal with these two problems. First of all, we simulate the error
types of speech recognition output in the training data, so that the data distribution in the
training and testing is consistent. Secondly, we focus on the automatic speech recognition
errors of homonyms and words with similar pronunciation, and use their pronunciation
information to help the translation model to recover from ASR errors. Experiments on
two Chinese-English data sets show that this method is more robust to speech recognition

noisy input and can significantly outperform the strong baseline systems.

3. Research on Error Correction of Noise Input in Document-level Machine

Translation Based on Pinyin Information

Document-level information is generally used to solve consistency problems (includ-
ing anaphora, tense, etc.) and ambiguity problems in machine translation. Document-
level translation can use rich contextual information to improve the translation of current
source sentences. The results of speech recognition often contain noises in practical sce-
narios, and in some way, sentences with speech recognition errors is also an ambiguity
problem. Inspired by document-level translation, we extract information related to noise
words from document-level information, and then use the extracted information to im-
prove annotations of the current words. Based on the characteristics of document-level
translation and the problem of ASR noise input in practical environment, we propose a
method to improve the robustness of neural machine translation based on document-level

information, which greatly improves the performance and generalization ability of the

v
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whole system.

Keywords: Deep Learning, Neural Network, Machine Translation, Attention Mecha-
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1.1 HIRBEERENX

bEE kA SRR AR, B 5 2 [ 3228 s H an %Y, EE S A
IMAEAGBORBGEA Y], VIASTIRERORIGF R AATHE 209 3T . PldsBEe (e vt E % 6]
AR, BRRETT RS DT AR AR ROk B R, A FIE S Z RIAE B AL
HEZBON T HET R, MLk TR e =, EREmA R
AT T WA R FR okt ok Bemy , A A HERR MR R R GE, O Y
HIAS I UL ) E A

YL (Machine Translation, MT) {E432K PR THRTE T2, ERFR
FECR AR P54 1 BUOCE M —Fh B AR TE S IR A —Fh B MBS .
Sk, PSRRI TENTRRE . TEVR: . EER 5 EE R ET—
RENY I TR, HoEAL e 5 F R e Zh G2 E B — T TR . HLAS R AR5 TT

BT 20 228 50 4R, thRERBIE N FRJetR L, IAELAS R B 5E A fd )
JUTE &3 KB A FRrAMER . BE T EALEORE S AT ALV Ak
P24, HLAs R R AE AR T4 S . ERFIKFRm I E R
X, HLEFEHFERAA SO ] T 3CF R AR, IR RO 1 RER 7 H
HRAESS, T EIE A R R A PR A Rl AR BRI I E A o AL B AR
A, TP S O R SR BRI R AT R R L. ML S R
SR Z I, EEIEAED ES T AE S A RAMPLA IR RS
AEBEREDE AR, BkiEE B2 f4F 400 23Tyl m HAe4EL
AAEEAFIGH . UH L FE R E M B &, wWeatlasBliEdes T M
KFERISE, A R 1000 /24536, Facebook {f HIHLASHFk B 2
BEAFRE S MG T APRHE i SCAS, AT T AN WG S 1A B4R Ve e h, ki
FEHAS [FIVE F I AATREB IS A2 3t VSRS RIS ROR S TS5 5 )
R EIRAFET TREERMER.

WA EHIE 2 H 2RE S 40P (NLP, Natural Language Processing) H1 /¥ FIi#F 45,
A B RE S BT SIS, BIEEART 48, A4 (lexical analysis),
FJVE53HT (syntactic analysis), fiy 44 SEHA R 5 (NER), T #15%, fEHAR FRA
FEF I BER) TR, 22 AE S e PR B A PR AT S . B R
IIHLAS R R G ARG HLARRIIE R SE (SMT)(Brown 45, 1990) FI ZE ML 4 B3
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£ %% (NMT)(Bahdanau %, 2015),

H 20 {28 80 AFAUKLAK, WS AN BITIRE )T X & #iFBOR (Speech-
to-speech Translation)(Kitano, 2012) FHBTST, 1525 B S #1581 (SLT,
Spoken Language Translation ), &1 52, W BT EYEE M —FiE
B HEEFARE ) — MRS WE S, T SORRIE, ISR 2 S 2
EERRELRE. EREA SRR RS MK — A R 5 Z [ 5T
2 v ] A R E . R T TE A ) B S TE H O AT s ), AT Ay
BT RPLRIE R G RENE 2 2 I L IUARAT O iR A) TRgBE, BEE D iR A BRI
EERAIBORIPERE S =, XA R B 5K

R R TEE R RIEEIET , EgE TR, SRR, DES
B, AR, HIREF 2 MA R, I RITR &  ER B BA R
HHRRRFE . Ji5h, EEREEERA IR MRS, RS
DA T NS g I, BIanE bR 515, [ bs RAE B, IRE
BL AT, b WO E bR 28 5 B2 G gs . 1hE BRI E A 2 R i
HAMBE RIS ET. IOk B 2 1 E 4% A B ROk I i i iy T
P, Hor, PEER A& HEE B (BMBF) 1 1993 4R 3] 2000 4] [ S S H-0F5T 1
Verbmobil 155 MRS, FERZFIAE, ., HEZES T A 3B #iFE
I, FERRHRARS L16 /255, RERFFFAUEZS T Verbmobil RFFEFITT A&
TAE, W2 ke (I Karlsruhe K2245), HF5ERT (G Stanford K21
FRBEFE LGSR, AT AN E (14 GmbH, Philips 25). 2 536 FE R A B
2% (Carnegie Mellon University, CMU), JEENL A3 BI1E0F2E BT (GETA-Clips), &=
RANBRERRBEGE I ATC-irst) . 4. SERSF I FE S K2 U FI RN
AV AR T F I BB

1.2 ERSMARFR SR & RIK

Plgsilie — MBI RL, BREAES Y, e, WEIEOR, S
FREZ AR B o TTEAMIRLASOREEY 165 ARt KRR S
TERYIARI B & 8 15 0 BV LR A SRAE W™ A48 T B g, 5 i plas
i B AR SR AGEE T AL B A T S A o

FRUHYrEEAE 20 20 50 AFAUS PR THREIBAMTRTR , XUk T “IR
PR A AN, (B R TR A5 AR TR A B BRI TR Al F SR A i ) 1 A A
JI, AIARLEE I TR, IR 2R BE T e AR e )RR B . {1175
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YT i B AERE B — 1 B 5 A TS5 AR BT N R 5T 4 K B BT A
KA AERABYITTR PY, AEUHLES B2 Y I T B RO o (HET R &)
BEFFRRSG], MEET AT EE R A NS B, T HN A B0 R A
Z IR AFAEA TR JE o WA, BRI AR ORI 1) 58 BE PRI Y
HWATERZ AR [\, Gt ETE B G S AL I b iE-E R BT 55 UG
T RIFRMERE, BT HINLA RIS Brown 45, 1990) FiZ 3K45 T HFFE A Gi ) %
o BEEXGEER R IR ENUE 3w, — P TROER DL #5
(Koehn 4%, 2003) FoARMEHE o IT4ER, BEE VR BE 2% > FIR 55 g i 1) 1) A
Ji&, BT ML BIE gt B S, A WL A A DL 55
RS TR, CEBREIPIEEEIEECh R R RS .

AREAT, RIS BEAH O AR, A HLas B S AR C T 5510 A e
PUIR SRS, AT M Ei bl B R AR Y 1) A
1.2.1 BARPHNMF[IEEF EFEAR

ST Ge v BLAS TR i ik

B T LUk M BRI XIS, BT RN B g IR AR S U R AT RIE, (3
TERZHEH, BTN BB RS A e 2 AT TR . BE TR
PERI P DA R Gi vt FfE B3IETE A RGBT A g A, ATIE B SET
FEN TR T LS, FRATAT A2 AR R TS 1
W, —RTERRE OALAR B R v B BRSO v B AR ok AR
P M AR R T SO B TR0 g — AR A e i P B A iR R B TR 4 R
MIBLER RIS, BT 1 AR K B AT RLE B & . 1BM [ Brown(Brown
4%, 1990) F 1990 4F ¢ YR WIFF 4 B g2 R SIS M S A8, FEgai s
TERILES BRI FoR A . BTl G T BIL s B AR I HE i DL B 12 11
K, (APEREANE N EB BT AZ BIAR KRR, SEZ M5 N AT iR T3 T4
P GE T #1451 (Koehn 4%, 2003) J5A. Moses(Koehn 45, 2006) J& 4 Hif4Er L%
TR G AL RS, i TR TIE N R IT K

PhEEHLZS TR

2013 4%, HE/R - FABERFIGIR - BIURGNEE T —Fi A8 o 2] i it i 45 - A
#4544 (Kalchbrenner Al Blunsom, 2013), F5 F TALZF RIS . AL AT DAE
BT ZE M 45 (CNN) FER dnfithas 045 78 145 it SCAS i A\ 44 L Js a2 25 o)
&, RG24 (RNN) (BRI S, REEESRR A a0k B AR SC
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A%, A5 AR AR S R 2D LA IR T AR . AL B2 b A By
B, R R IR BE A7 ) A 42 ) 28 AR, 5 A 21 H AR TR S 53k, FIAMERISE
THRE B R], e Las B R R AR LR IR LT, AT BERS P& s
FHITEOL. ML BT IR0E 5 0 HARTR S I RYTE SCEEO I, B AT A A%
TG A SRS 0] B HEAT AR A . BEE TR ST A K BRI A BT R
M2 (NMT)(Bahdanau 55, 2015; Luong 2%, 2015) M EL S G0 LA B 16
BB T, B2 H T E R HLA B R

AN A T e I, HRAR AR il i 2 P 2k 1)1 25 2
B, BeNS EERSCBLNE S B HARTE 5 0 HShll . SR gt s B4 th i g i -
fifth 4% (encoder-decoder) FALZ Y Hi#h AL ALY BLA , A f JRIE =
18 A SCA S B O [ 7 RO T, AR e B SR 1o 2 P AR A Bl H A
WA O T R R e T ) I R T S B R O A, — R 52
AR ML (Attention Mechanism) K858 H x5 P ] AL . FET
TR S AL AL B B RHEOE S AT A g i o R 8, 4 i A
AP, R LRSS G5 2 AR AN G PE T RUZ 17 &, AR
RIEF 2 Las BRI ZaARE ), BAR R SEE P RORIEOR . BT vl
FR e 2 AL B RS PR PR o D — A B 4R PE R ), IR PR A T A R A
A S A T3R8, PAHCRIESRIR KR AR Ty . 58 r g i i e
BRAAALL , 2 AR AR R T 2 M P (R R, AT A PR A LA il
FRPERE .

1.2.2 HEH BEFRITIES

MalgsiliFe — NP R PP RIAESS, AT e BT g -
#i# (Encoder-Decoder) HEZY, BEAS Atk — > ] A2 < B R I 17 41 21 3 Sh—A )
AR R H i e 51 AR e 8 1) o B 20 A B BT A i i A 81 EA T A
Pl R 2R, TR B BOS A i AL T 7 S A, SR B H A 21 ok
Fridis . HENRATRA S e BRI A THE ALt % RNNSearch A1 Transformer
B

RNNSearch 574

RNNSearch #7 fz 4] ffi Bahdanau 45 (2015) $2th, & Y 2 i e FH R e 8
EFRAH 22 28 (RNIN) R 53 7 5101 H A Fp 91 AT AR, D BR 1 20 0] 28 ) 47
A LN SORARR P VB G E L RIS Tefigd, — A5 n) i T REFI
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Si—1 S Sj+1
| (o e e e - — & __________________ J
+ C,' Attention Vector
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: Encoder ajﬂ :

: hi—l hz hz‘+1 :

| hit1 h; hi—1 :
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1.1 J£F RNNSearch BRI HL2S PR M
Figure 1.1 The RNNSearch model architecture

HJE A0 BRI R SR I , R nT BB -5 Z AR BT A BARTERAH O, A BB e 2 19 2% rr )
LA AT AT AT 7 A A R ] 5 A TR A B 2R

RNNSearch #5228 [ 4 ish 25 R FI ] JE R AR 28 0 25, XL ) IR P14 28 ) 28 A e
()24 B2 b 457 AN e AL PR A 781, ALHE R mJEER (forward) A5 (a1 FEF (back-
ward), FRFAEAS IR A IR BR 4 22 0 245 ) R T R S R R K . &
X[ A I A 20 100 28 FRATT T DATE A B [0 25 ) By 1 1 R BB AR B A5 R Sk i 2
(%) bR 3CfF B« RNNSearch A2 0 g b2 [R] AL A1 20 0 28 SR BT, N S
e A2, FERRRS I OB SRR AR MR ., I DA RS 25 42 B 1) ) DR S 4 424 I
%.

2 HI ) 25 25-ffid4s (Encoder-Decoder) HEZLAN ][ /2, RNNSearch £i%
SIATHE P (Attention Mechanism) . Zaf A - A #5188 12 RH5 i i AT 5] S
T — A 4EFE i ) i, AR5 R ) i AR RS R AR, X T KA R AR
Ui, [ E 2 BE Y ) e TOVR e SRR T I TE SUE B o TERE L BEAS XS 4 b
JEHI A R SCRZ ) R BEAT AR, AT I 3 A A s Y BE B AR AE S O(1), fi#
T I 2 BE KT S LR AR . B> RNNSearch B8 ZLAG3ATT AT DATE
L TR

Transformer 5%



5K i g 3 S B 1 S G 2L B A T 72

Transformer FLRY [A]Ff 2 — 9 iE 28-S #8 (Encoder-Decoder) HEZE | f#]H
AR Vaswani 25 (2017b) $#2 4. Transformer #7YAH Fb T RNNSearch #5830 T2
KA, i ER 450 58 4 OB T R EM 48 0 268 %k S L) b 1 AR o e 00 A T
B, PFE T ALGE G i - TP A DA 0 45 5 A5 APV 8 I 245 B3 D B 28 1) 2%
AR, Hg R 7P . Transformer REZ AN (LR BRI F 4 AR #
K, FEVHEE bt B RNNSearch #2

Transformer £ 28 R F AR LRI IR R 2 2% TR B AREAA 22 R0 4 (B AE
WICAZ W 28 S5 5548 B A AT e M FEA T, At DR B e 22 I 45 1 4 1
RE TR A 22 1) A7 AT B 22 B9 WP RAR TS, XA ILARIA S 1 4 g A

* A 2T R SN ()25 0 - 1 IR RAR, SR
BUR B IATREDT S

* WP A TR B R R, REUERREARHE M % (LSTM
S5) 1 1HEHLH S5 BEAS AR5 B R R MR, (HX TP 2 MM IR, (3l
LM 28T AN RERR DR .

Transformer 54856 4l A] TR AL RERS IR H Sr ik Bid i, R
FIPUHAE AR AR B AL B R PRI [0 R Z TR B e — i, A R RO
A FEENIBIAFERFI KR, W ARG FFAT LR

Transformer B 2 22, A2 i HALH 22 32 MRS 28 I 28 A . B
AT DA S e B R I PE T, 24 1T Transformer #8431 ZRAY i FI 042
WS R DA AL 25 6 12, Bt 12 2RISR SEEL, A/ Transformer
B A ] i 1 127

123 fEYFEMFHEXIEA

RNN JEMIp s 4%

KA IHEAZ BT (LSTM)(Hochreiter A1 Schmidhuber, 1997) F1[ 4533 7 2470
(GRU)(Cho 4, 2014) j& H #if NLP Rz vh . JeHETE P55 B i) iz
AL, LSTM Al GRU BBl R T Il A< B R 8, i ad [ 45 AL il ok
By 1k 28 H AE AR T RNN ASZY 1 S rr B 3004 30 0060 [ A8

GRU & LSTM (¥ #5i#E RNN B84, BATZ RIAA 2 MEERJEN:,
AT T HERITTMANEIC. GRU AT LSTM, Kfigti] ] (forget gate) Fl¥i Al
(input gate) ZH & | — T F ] (update gate) Hr, IBLFlE T HITIRAS (cell state) F
FEEIRAS (hidden state), FfA T —2L H AWM Bk . GRU B3 8] (A AL Lo bR iE 1)
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Figure 1.2 The Transformer model architecture

cell state

LSTM F AU a7 8, (HAE P9 A5 T A PR B LSTM M2, H240 0 5 T

o

forget gate

input gate output gate

P 1.3 Kaimbid{e oo
Figure 1.3 Long Short Term Memory
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LSTM

KA mHC1Z B0 (Long short-term memory, LSTM) & —Fh i3 ) RNN 52
LSTM KUY 1997 4Fgipide ;3228 H A& A pk A P 21 I ZRin 285 Hh BA0 A B2 V3
YERIBS LTS e 0], I HAH AR RNN, LSTM 36 0] DAZZ AR 751 v i 1 34K
R 1)

LSTM {57 R IS T 1 L], FAIFERI 1.3 AR 2] LSTM iy 45t &
FIE=ATT, nld AT, BT TR T — i e

i, = o(x,U" + h,_;W') (1.1)
f, = o(x,U/ +h,_ W) (1.2)
Ol = U(XtUO + hl_1W0> (1.3)

ENHEEMFEN AR, RDESBIHEEAR, W g hi—Fasz 24 5k ez 1
MEERE, U R AT Y A2 R AR . o (1) 22 sigmoid pRETPREL,
LSTM ) [ T ML H S0 2t T sigmoid pRECRFK L8 ) B (U 21 0 21 1 22 (8]
MR T4 112 E S, WS —A BT Sk, FqTnl pAgE A8 5
Sl ZARAEAER . WATTES T HEA x ZREIPIRE, BTk
E T &L PAHRIRS by, 25 8 0 1, WSERREZ AR, 550 0 )58
EHFZHHPIRE . fRa, HlE T A SN S (R R Z I R 4%
FIER T — AW R A) fir il 2 D NERIGES . B T 4R EEAS 2 AT TR 69 -

M, = tanh(x,U% + h,_ | W¥) (1.4)

M, J2ARHE 24 R A G AT OB AT ik BRieRAS . FROTEa M, ok
TR A RS -

M, = tanh(M,) * o, (1.5)

44 i P 200 1 A PR A Rl e B 1) o A A ) 2 ) A0 BR
M, _; ATETHALT i, 54 AT AR A M, Rz R
R, YT PR B2 T b B R RIS M, R T o, 1R

h, = o (f, + M, | +1i, * M) (1.6)

GRU



1

reset gate

T

4
.

update gate

L4 ¥R IT
Figure 1.4 Gated Recurrent Unit

I T E#A B0 (Gate Recurrent Unit, GRU) A1 LSTM —4%, 28 T f# K /4)
i AR SRR e R IS 1) A 478 i O JRE D e S5 TP i 2t R . AH EE LSTM,
i1l GRU JL-F-Refg ik 2IFH I ERE, 1M H GRU (WS4, I B, 38
IFEE1L.47] PAFE 3] GRU BY45H .

5 LSTM I RIA T2, GRU HABANT], BE ] (reset gate) HITEH[]
(update gate)

Zz — O—(XZUZ + ht_]WZ) (1.7)
r, = o(xU" + h_ W) (1.8)
(1.9)

SO R TR A — i 2 RS B e AR A arkShrfE Rm e A, B
BT 2o BRI 1 — P (5] 25 BROARZS AR VPR B 8 o B ) T4 ol 226
—IEZHPRESFE R Z D, EET] v B M 2SR S FE B

FILSTM 2500, ARG VISR B2 530 B 22 A2 24 A 2 7 £
B, B BHEERR S OGS, MR R0, T2 h, S Sy
IIEICR

h, = ranh(x,U" + ((r, * h,_, )W") (1.10)
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Gz PR E I T R by PR IME S, BN ALY
TS ) 2 (A g 5 Ly, 455

h,=(1-2)%h_ 4z h,) (1.11)

HERETIBLH

[ 2014 4-Bahdanau 5 (2015) i) W By las #1517 (Atten-
tion) ALHIZ 5, T 48 1] &) 1P AL 4675 B ok o TR HIL fe P2 A R B
Iy RUEAR H Y (Mnih 25, 2014), GBS LEH 22 W 45 I 2k 00 581 AE ¢ HE A A
SR KRRy, M AR AR B DR R . IR K, LB AE A
R 2R B b b R, ARAETE S IR 5 R A, P U AR A I 1 5 24
AR R H st e A IR, PR R L AR R S A LA B 55 Y
FATT R VASEFH L WL A X 5 00 T 3h &S 9 2R -5 24w A A TRl A 5 )
A&, MELSHR, C Fong—PRERE I mE. N5 RG RS IR
XA IAS 4 Y 5 ) e T AN 2 2 [ 4 8 19 [ R T I Ao 3 o YR T HL
I Y GEAT A 2L B A B R PR RS 2 T AR B 3T T, SRR TS As-
R ) SRR AR L 22 WA T B 128 L i A A 28

[ Encoder ' > C;
e o e e e - — ' » Cip1

@i [ 2| %

Pl 1.5 32 pLilIA R el

Figure 1.5 The Attention Mechanism architecture

124 ¥HSR[EERIENFIE

BLEU @ — Ml SR B 5k, W)l TP LEs B o 221 A
TR [R5 X &R, BLEU Bk p i O AR R ML Bt i S0 AN T3

10
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¥, BLEU 1370im, W EFF SO RpiBisr . [N BLEU S5k 2 40n]
PAA e PO B g B 0 R A — N E B

PN — AR R GRSl ry 7 U L ZO0 B S T N LA
H NP7 SO RS, N LA WRAER & WAL IEO R A &
A HEIEN B, BP0 SRR EOE, 1 Ho - R R R
%, LRI G O L TR 2« N TR — R, RS N T —
LERLAS B A Sh PO Hebr sk AR N LV, o 5 NG B lc A3l i2 BLEU
R

5| A BP {i (Brevity Penalty) ) BLEU {f i} %

B EE SCRIE T — A B S ) T K BEHI % o i, B
HIE R 1, HFHFZEPEO RSO I BRI, W AR 55341155 BP
e W e RFRFEIMIF A TREE, r RFERSHIF A TRIE:

lif c>r
BP = (1.12)

el if c<r

1321 BP {HZ )5, ATLAMIPA N SRA TS Bleu {H:

N
Bleu = BP - exp(z w, log p,) (1.13)

n=1

— O TR R, SRR I T

N
,

log Blue = min(1 - -, 0 » 1og pp 1.14

og Blue = min( " )—|—Zw ogp (1.14)

n=1

1.3 RS

BRI R LU BHRRC, T BRI e fE B A E
P C A E 5 SA AR, A BRI e Om 5 R, e SEud #E
(ANFELUFR) MEE IS ANR1L20R), i B2 48 5 i BUETE S AE R
RSO M B, 1 2 U i A 28T 15 2 R B

XF TR B UL, RV TR ) SR R 1 A B e 3] i ) AR A S
(Serdyuk 4%, 2018), ] DA RO /D FIRBL S 14 DR AL 4% A, (HR X b ik
X ey o ) - 1R I R e 0 o IR T AL B X T SOA- SR I 2R
FErFER . H i AR sk =, ERIR A IR A 300 A4~/
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v A | R DR He LS s 21 il AR ik
THUTARHAth 2 MV B & N 5
s | ... computer programmers and other professional

computer researchers ...

S PR | ... computer programmers and other specialists

L1 AR

Table 1.1 Example of over-translation

(Post &%, 2013; Kocabiyikoglu 2%, 2018), A1 AT 7 i e SO OUE SCANTE R, X4t
NIRRT R S I A BE I R SR PR, PRI, i 2 B T 3 B R B
ISR SRS TES BT YR O T RS SR A, AR GG T
B, BEE SR W] DA AR E R BUE-TAT TR, T LR T & TR Y
RN RIFE R GE . AR, R S 1) S -5 80 28 TR o — AR R s ke =

H T B e 2R — I R A i PR RGP A7 it BN ZRAS 2, if
S Y ARZ I | Te v ORUE 5 B2 AY SCA TS M i A e, 0ty ok 2
WNZRANSE By AN D C A [P, S B0 A I 8t ) = 22 J DRAE A 2 kg
XGRS AU A, IR LS W (4 SCA R A 2

Dk | H B X SRR s Rl A

kS | These olive trees are stored.

£V | These olive trees are temporarily stored.

% 1.2 fatlver il

Table 1.2 Example of under-translation

eSSBS s, P PSS R BT R RAR S T AN, HoiR ™ 2
TG B S, HEl ER AT B R G — B S R A L B
AL T ARG, RER SeREE R A OO BRI by . 2RI, dF2F
BRI P OS2 M AR T, RIS PERE R TE S RO AR G 2 4 i B
SRR, e st ar b S i a5 R AR G MR B A R 5o 5, AR
PERERAE LR ARG A W R N 0. MAER MR AL B 1™ S AORE E
BB S IR BB, S MR AOTE S TR B S R A T B e LS B I 2R e
PSS IR BRI DC . R, 3o e tLas BT S e i AR BRI, X5

12
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AL BB PR S B B SR A ) P I B T S, [ e
U L R T
EFIHA S0 AL T

T ng

7R Ten T Wi bio  Wm oyl Rn shen g
ASR PUMSR | X 4y AL W 10 & — 1y b i

BHVEL This gift is full of affection
FVEVEC This gift contains an application

1.3 R A B PE

Table 1.3 An example of speech translation

ARSCET PN g B P IR A X LR YE , SR AR At
X My S AF S AN T TS SO Ao 28 R s 5 e A
* FEMLERIE, SO SR, AN AR R A BT S SO R AT IR

[

L4 AR)STER

b I 2 P, R R R R B A0 5 H ), LSS
FERIBL IR IR . (SRR AR, TR AMTIOTsR , s HLas B
Bk TRHR TR E KT, (R AR T 2SN, 1 X TR B F I
8 70 T R ) 28 0 AR S . A S0 B T 2 L
T, bR R R IR R R TR B PRS0 A
) B T AR AL

1. b 2 R 3 13 S B2 LA T

Pl WL AR 2 U BRI B R T B 1O VR 0 L 2
TR B (35, TR SC4R 4o 9V 2 J0 4K Bilingual History Tnvolved At-
tention, ¥4 UL (S L ) 17 st 5 B3 AEIVERE JIBLAI . Bilingual History
Tnvolved Attention MU (K7 A UG I BRial SRS , 10 FLIE % HESE i 2
f L B PRI WA . BETEL BB BRI 2R Ut AR LR
MR R 7, FLrR A R R W AR —— XA, BE
BB ERRDT . R BTV 2 A 2 LB R % 1 R R
i

2. SIADET I SIS AT 16 S5 B A T H Pk 30
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PSS E & BRSSO T O AL g B AR GO & A M 1Y R S
FORBGPRR G, AR T —Fh R B SR A A 2 AL B R 2507
%, AN B br A I KRS A e g8 . BT dropout AR, $RH T
— AP IR AT R, HE RO IR R RN T AIC, AR SCHR A S — R A X
iSRRI A B BEXTDGETR AR AR, FeN e el Zhad
R IR AR p BEALARF I 1) 1 R DU R O W 5 2 2 ] o S 7
FIAHAL & I, AR SE PR B8 BRI AR, AT 35k e 2oL i B A 2R
THES MRS R RIS BRI RE . 73 oh, X0 21 v g M2 S R K
R 14 18 72 [R]85 B AR o S 5, AT et m DA Ity PR A5
AMEER AT, BT DOERYL, B T AIBARG SN, HA AP R RER it
FEAGER . B IUREFRLIE, FABESE T5IADGESE A
ALY 22 AR AN T3, AT B 8 i v o Ze AL s A A 0 v S A
R -

3. B TP 05 SRR R DL AR T PR T % A 2R PR 5

X HL P B AR R U AR R i B, SR R M il AR LA, i
RO . e TR B — U T AR R A LA B AP AR A — B M (R AR,
IS MBS A fiy B B RE AEAS M 2 6 A0 SCAR B R et 24 w1 Ay i
BERCR . X THEE R NSRS, B S RIS RS AR,
MR EERE , T AR fa AR — R S, BTt ARSClHm ik
HOA ) AR SR W i i A AT A R PR M B R AR T, S AR IR
ik, MG R R BUL 5 M B E A XA E R, RN R E Bk
Xt 244 iR SEA T O E AR AN T o AT X B 3 PR s R S PRSE  (14 M [
ARSCER I T T R R B R m e LA B BRI A, XA ARG
REANZ AL RE 1A KA KR 7«

1.5 BXHIHELR

ARSI RN -

81BN TP RIIER OIS RO MRISORAROITEBUR, I
i T AR H AR A BB SE N 2R <

o 2 TERRH T RGN AR G A H AR D S AR R, R TR B
BRSSO H A B 24 Ay P s A5 R, I XHEGER 22 M 2411 Attention Ll
BEATHOE , RAR BT RGN TTRE ST, AR BS54 1)

14
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85 3 BEXNE R R A S P UL, BIFERSENMA SR ERT,
WS LT, TR ERPRFE R ASR w% i, g5 1A —
A TAFHESS AT BE RS IR DU T2 TS, AT R GTE R A B E R, B
ARG

% 4 BERIFRARE S R A= TP EE, PR SR A
FHHE AT B IE, RERRE— R M T A — S (R, S5R) A
W SCIRpE, FLAORAE T TR e g A AR 2 —hub SCIRDEE. AR SR H Bk
WA, (RERERIENMGE, A RGERVERBA S AT A KRR -

5 B AESCAFIATBE T, FHEH T BRI
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o 2 B A DU I S A S A e b Bl

$2E MEWRHREEBHHEYFEF
2.1 (BRI TER

T, R AL (Attention Mechanism) FF 1 2 L4515 (Sutskever 4%,
2014; ?; Wang %%, 2016; Weng 5%, 2017) (546 7 50z, I HIUG 79 pcEdE
J&, R TR AL B RE R IRIR T . TR UL AR G S
# (Bahdanau %%, 2015) . 78 5 #5i% (the coverage model (Tu %%, 2016), Transformer 5
A1 (Vaswani 5%, 2017a) 55 S5EGERIGET LA (Chiang, 2005; Koehn 4%, 2003;
Zhai 5%, 2012) A2, mAEE Schuster F1 Paliwalfi iy —Fra (AR MR T
HERE AR ZHLASBIFAESL, RFA) 7R ) RNN B0 ) RNN SR 2 A 1l 7] & 7
B, BRGNS SR IR 5 S, FEBUS B E Ty &, s Er
Bedi 5 4h—> RNN RAE B E AR SERAIER, SR LRI s 2 HLA8 3
255 P BUS T AR RRCR, XSGR TE IR 7728 D1 SH I 2540
Pk T DASRAS LR I n 45 2R o ZhaS0l 5 B AL il i e 1 0 ) [l o 24 38 174 o)
HORFIRBEANPEA) T, RO T IR .

=

A | NFIEAT 23 Rtk

»

M | There were 23 23 pairs of chromosomes in hu-

(1) | Vi
FVED

a4

man beings

(2) | B A | PEFHEMI S AR 2 55 5L RIER 24T
PRI SC | Chinese civil service calligraphy competition to

be held on Hong Kong’ s return

% 2.1 P RIERRVE R

Table 2.1 Examples of Chinese-English translation

ORI, ARG R s I 000 H AR AT I RS 57, il
75 R 2 H B3] (4 A= 180T 85 e i A2 B 1 A T AR 3 I 118 PR EL A S P AR G
Y. RNNFEXER A FA I Tamtan, S BIREHCIZIE 0, AT HEIEER
FIC (GRU) FIHFERFCAZIM 2% (LSTM) A ELTAnifE RNN KA, X RFPAIK
TR AU TR Rt (HEANIIRAE5E3E , RIS iR, A A
MR R I . FERXAE LT, EEBREE S B T 2Rd R B
AR H i Dy S A ORI 38 B e P S AR R AT IO 5
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R I Y I 1 e AR 24 B AR H A (5 S5 P ) 1 R R Y
FHRMRTT A, IR G AR SR FEAT IR AN 2 7 i35 ) 1) & ARy
AME IR AE TR 15 S . XA RE . W RAER BIFES—N a2 B )
) AT R 5 2 BT E Arn (s A IR i a0 U2 2R K, AN B L F)
RIS R M RERE R, BITEA [ R a2 F e i ) 1) Ry o
S M ALY o X A5 B — AR R R T ) BT R TR IR Z B
fRS A rp IR S I R R R — (S, AN B0 B IR # (Tu 25,
2016). % 21 FRAE 1o BEREA R SR B R B, (D) @ J R R B
(2) R NREFER ARG w8 (1) Bn T “237 SHRFEPRR RS gL . a0
TBRAE 2 Jl ) S0 h BB US5- 2 i) <237 TR L5 R, IBAate
FENORMER IS, “237 WREASFRRTES] . SEB (2) BEHH TR 3C “5 A
AR B PR IR R O . AR DU BT <5 RAET W—HIKA
PERIFERIE R, BRI R TR, AT S FAE” H2R) K.
I, ARSRAR AL RERS AERE 2 24 B D A0 I 5 R AN i ] S BRI B
P B A PT DARS 2 B A PR

BRI RO TG, T BRI R Y R, AR EER A T —Fh
P A 3 7 A5 B 5 AR 13RS ¥ ( bilingual history involve attention), 7=
SRR AR S, IC TR NI 2 1S C SRR {5 B AN C A S H br
sir( 5L, ARJE A GRU Sk B2 SREAJR TR ¢ b I o A1 H b Dy S0 6L o XA,
SO0 T AR A U i 1) ) R R A AR S AT PR A I R i R T AR
EHEA ME R . TEDCRSE RIS EAYSEER R, FoNT5 I i I iR TE
o ) L2 LA IR m Rt [ ot T AT A B RS 45 2R

22 tEXIME

Wl TR LA > ORI S 5 5 Jig, HLas B P 0 2 P AR 55, thfl
T 20 R 25 - PR R 5 P A0 22 19 205 HE SRS M e ML e A B A T SR BIL
5 LSS BT RNN-Z g~ A A 8 ) 1 2 R A Ok TR RE LIRS
AWAER, BRI ALE A el B iR R R 2 b, SR T
— BRI AANTR A BRI R LR A T eedE, Ho oy — 28 AR (Tu 45,
2016; Zhang <%, 2017) Ff RATTAYE R 7 1] 58 A9 i S A5 BRI 21 24 BT A 8 0T BR
i, DAIE R X 57

HE R B (Self-Attention) J2 fi T F 52 H o — R EEBGRLAT R ML o

18
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HiZhou %5 (2017) #& Hi 1% Look-ahead Attention BEM% X} A= B IY) H Frir) 2 [B] 4K
i C R AAT AL AR AL T 22 2 1 AR ) H AR IRE B MR AL, I
DA BIFSE B SR T fE SRR 7 2% > 1. Lin 55 (2017) i —4R 0 T —Ffw]
SR B YR IS, SRR TR FD RS B, FERFEA TR A 2 A =
FR.

HT R EAA AP RIERICIZRE S, Feng 55 (2017) $2& i 7 — M iyiciZ i
2% (memory networks), TEMIEHLAFRIEH T A T ESMIAEM BIT, ARG m Sk
PR AN AL A A B2 ) T — SE B AL . Cheng 45 (2016) $211 T
— PP HAINRICE NI SRS, RN A 5. SREREE6E
Sbr b, AT AR AR R ICIZ M 2 1) — e o

FHI D A5 Bk E v E R P RE 2 —Fh L BB A bl il . Meng 45 (2016)
P AR EE T A S LA RS P SRR R, TER RS A P 1) Interactive Atten-
tion ] A2 FLYH 7 AL ok B 5 iR i 1) 2 3278 Interactive Attention i it 52 5 4 4E
SRORIFIR BRI 7 S0 . Wang 55 (2018) 2 3K H Ariw Iy S5 25 I A IR
TR, ESE X RAD T s T A SR, DT s AR R A AR b R PR IR
5 B AR, FRAT DA SR U7 R 45 A TE—E, FHHUG T IRUR.

23 BgE=

FATA AL BT RNNSearch # Z AL 5 #1422 (Bahdanau 2%, 2015) A
MEGEE, FERNEE LRI T . FEANELLZ > seq2seq 13 3 i R4
TGRS I e SR, S A i XU PR 22 2 R, 7 2R ) B BV )
PN TR S gAML, R d GBI e R A AL, AR 88 [R] IR BORH g
A T i F A 2 2 AP s i = i oA 2 > e 5 L s i 40 68 575 5 28 -0
. AES R LU IR I R R A BN TR AR, 10— Pl b A1
H AR Xt 77 BIBIL R — 0 R R S A e A

Encoder

ELAR IR 28 ) 28 G R 2 2 R UR R 5 0 ) He i A — A i 4 B g [
AR 27 G i 1t A2 v 7 1) g A 3] 14 B 2 RS L S8 B & I i T 3R] 1945 5L . (Bah-
danau %, 2015) {f AU PG ZE 2%, SRIRAS S HTRrg R 3¢, maAEUGZ
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i SCAR B o ZRGER) S as R T U] GRU AT 2 i1 1 M i R R0

W) = GRU(x;, 1 @.1)
h; = GRU(x;, b ) 2.2)

X B GRU & — AU B ER M 2 [0 2%, IS ) R b G 80 £ B A 9547 2
5, REPHEEEA R RS, AW FUZ 3R 2 RN ] ) GRU 152117
Bo 2t AT PR -

h, = [i’j;(ij] 2.3)
ATPAE R, h; 8567 GRU wi MG R FEN, IF B myE i x; J& )
TS IE I 22 I 28 BE % B8 47 i 2208 4 B A TS . R B8IIREFS) (hy, ... hy)
REHT G S RS A8 AN B AL R SR

Attention

HEE SRRSO R IET N ESE, BITEAE B — AN, REg ik 4k
AL RIS A0 BE 0 BE 5 E Fay A SR SR ER 2y, TR T A S A D
AIRTE . AL, AREZR BRS¢ IR 8 S I P v O st ], LRI AR 1] o T
R8I HIUR AT DA P SR S i 4 e BE A S I 5 i 1) A1 H A ) 2 [E) Y LR IR AR, AR
B RGBS ARG XA R Attention [ 5 1M AN 2 2 i 6] 72 1< J8E 4 1] 8 o Tt
H AR i o VEE LA el 2 HLAS T A T BEAS- 21 T R 4R
Tt

TR HArmin y; 50w b BIBER IS, GEH AT — 2 H b 1 Y B2 2om
si-1 SRR RZEZFR (b, .. hy) BV ER SRR, TR ENZERXST
R

eji = v, tanh (W,s;_; + U,h;) (2.4)

XA EHEATIA A, XA 245 2 B4R 5 HEAT softmax Z{HIH—1k,
TESR j RS BT ST A

exp (e;;)
S5 exp(eji)
w5, SEIH—EACEMES, BRSO IR 5 IR R R R, T
A VR BRBRIR A S A MR A ISR SRy d5e A A 3 ) i -

(2.5)

Jji =

20
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L
¢ =) ah (2.6)

Decoder

5 SCE RIS 3 1A% PRI
Pyily<X) = f(yi-1.8i. ) Q2.7)

Horb sy FORTERS ) 1 A H AR — 2R, ¢ IR i I iR 1) &
FEST AL FIALHI I B B0 1R T ) R RAG Y, R ARRERT H A
WUz Il s BTT MR Ja RS R AR £ () EA T o

PR R s 1 LA i B A B H s i 20 1) A H b il 35 b i B0 B
RS MER A, LA ARG th H B e ] o B OB B 22 I 45 S X A
PR REREATIRAN, AT H ARiA] o X HLAG IR 22 M 45 02— 4> GRU FYAS(R,
AT R IO R T VA A

Bt A BT AARKZARES s; AT AT AR :

S; = f(yi—l’ Si—1, Ci) (28)

WL SR § 2500 H AR R AR D TR 3 SRR T A — 2 H bt ] Y
R AP IR ¢ MY ETE R AR U2 R s, B AU R AR
AOME

ti = g(yi_1, € 8i) (2.9)
0; = Wotl‘ (210)
D; = softmax (0;) (2.11)

8 FOREMALE, 4 ATAEE — S H R W, BN o, e A H TR AR R ST
H5 o IWAEEER K, o B4 242 H ARSI RN
24 BAANIRET EERRER HVLE

TR AL AE B U ) PR AR 15 244 iR ) 3] 5 s — A D T P AL B LA
RUE, B R R S i SR SR SN R R, NS g
T [ AR AT H e SC. FEX-—d R e, R E S H
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PiE B B AR OB , SR R PR AR 2 5 VR i JE A RN A J ) B A
Ui e BTV S FR S Y o PRHR] DATE R RD 20 2 5 O B R VR i 1) 43 B 28
FEEEMME R, I RER I mE R o kR, 60 DS 3 T 24 10
A it 5 o 30K AR 3 3 A BT ) e s gl v AN T 1) B2 R A Dt 1) g R R 1 135 5L
FEE—ANE 24 R B AR (e B, X FORU %) 7 S0 A B T DA S b S e 4 Y
T RIRRERE R SIE R LRI TS0 o) DA 8 B A VE R R AR
B33 R TRATEMSH . FERA A Hbrimia v B, 58— x;

- e e e e e e e e e e e e o o o o o e e e - = = = = = = -y

Decoder

| |
| |
| Yi—1 y]-‘rl I
| |
| |
: Si—1 S; Sj+1 :
| |

j=1

I R IEEEEEEETE ST GRU

~1
Sj+1

5

O h i—
741,805+ h]+1

‘Oéj+1,i5j+1|

i—1|

Jj+1
% [zi] Pt
2.1 Bilingual History Involved Attention Z2{4]
Figure 2.1 Bilingual History Involved Attention architecture
AY ) N, > ~i v N BN
w%%%ﬁmnmm d—4 GRU SRR, N h; RIS RITHIAE

o (EAFULEAY 2 iAﬁmﬂ%“WﬁfT—A%ﬁﬁi [FI Y 5 R — A
.WJ%W%%%Eﬁﬁﬁ%@ Wid—4~ GRU R BB, i s; KFon. Rg
F X SO0 BB AR R — A H brid] . BRI A (5 B A )4 FH >R 4 )y Attention
T, I BAEfR AR 2 3

FESX VeSO, 0 2l P AN [ i ) D13 S A B R BT 1 RV BRE, oK
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Lallw R/ SIEER Y Qs
* o AU P S R TE R T PL (SA-NMT): FL A 3B i il o £ 5o Al
BT R g

* 51 H bl A5 QURTE S AU (TA-NMT): B 2B H A 5 5
SR BT B T

Rl AR S g S AE S T R AL (BA-NMT): [=] i 00 ) 3R B Rk
ORI &

24.1 SINiE#wHEEERRER LS

TES | MRS, S SRR x; R T 5 B By
I E BRI vy TS D S (5 B SR B e A5

¢;; = v! tanh (was,-_] UL, + Vhﬁj_‘l) (2.12)

SR JE T A E 25K Eq. 2.5 M3 Bq. 2.615 23R 1
XTI x; FRERERE i, FTRAUCKHESS § MRS, x; XY
CL IR P Dy SL AR R -
I} = aj; +h; (2.13)
{EUR AR B ARG 2510 X, AN, N RE B S S I B o 7 £
B, FRE-SRIIEN I 520 P 2Ba a1, B GRU K3
SR BT BRI DT A, B GRU i SR I E B TR AR S L
AHREE . BT
h} = GRU(IS, hi™") (2.14)
7 oh, AU BT TR Y I D S A R R AR AT DARDR TR 450 Eq. 2.9
[t logit, 33 HUE R IMACR AL RR A4 b 1l R, A3 2 Rk
fif Togit f YB3 Iy 6 1% B 1) B b

ni-1 E i—1
h = aﬁ*hj
J

t; = g(yi1, 2,8, fli_l)

(2.15)

242 SINBfrmAHEERRERNISE

FE2Z A FE AT FAT G 3R B VT SRR R 1 o2 PR 5 SR, AETE
XS AR Rz R SO AY R R a] AT — A IR G — A e

23



5K i g 3 S B 1 S G 2L B A T 72

PRI H A I SR, T X R R R I R TR
I, = o % 8i (2.16)
FIRERY, B0 I BRI, B R U — 4 GRU SRR BULLE H bt

IR ENSE
s; = GRU(I],§/") (2.17)

Ji*2j

s FORCMS R B brs TGS, FARGEH S RETBINEE s pit i, B
%f /A3 Eq.2.4 [ attention model #H4TikE :

eji = Vi tanh (Wos;_i + Ugh; + Vs (2.18)

S; AIVAZRRES i 251 HAR I C B DT s A5 B 550 N URm BRU2 R R KR
BEXF 2230 Eq.2.9 Y t; I TS -

ci-l _ 2 : i1
S = Qji *Sj
J

t; = g(yi-1, a,s;, §H)

(2.19)

243 BN EERRER HLE

3. 3UE W] 1 0 [y A R IR A 5, A U5 o I R 2 P X 7 B £ U
PR T I 2R R D S A B 2 A0 i A 0 P S A B 2 20,
T 5 A 25 A0 e 7 A R A B R B . A B
BT s S PR U 0%y, BRIVERE A RRAA 0. MO R
7

eji = v, tanh(W,s,_; + Uh;+ (2.20)

i1 Si-1
Vihi™ 4+ Vs

25 ZWERS5HH
251 HiEHESR

AREESL B AE NIST Hdefll AL 55 _ERIUERIRIERE, )50 T s
AR T, AFELEAERRLIRIIAER L5 B Ik B AR K
LM

24
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NIST Zh—En: it hfudh 1.25M SGEERT . $E#E NIST 2002 1EH
Bk ge, AUFE 878 mPBLIEXT, 4% NIST 2003, 2004, 2005, 2006 /E A4, 4
4% 919, 1788, 1082, 1664 AJALENRT .

WMT14 En—De: 7ESAEFIEAT 55 b, (11 WMT14 /5 Rl 24 , (035 4.45M
FEAEXUETERT, (] newstest2013 {2 TR IESE , newstest2014 112414 .

TEARZE R SLLG H, {di ] case-insensitive BLEU(Papineni 25, 2002) S PEA) o 9%
155 L HBE, case-sensitive BLEU SRIFMr ST 55 .

252 IfHLERSG

FATHELA T RGEM 1525, RX LR AL R PERE -

RNNSearch 3R i & 50 5T 2 AL #1244 313 2248 ( Bahdanau 45),
F45: R H PyTorch HEZ2%,

RNNSearch* RNNSearch 2581 S dEAR, 58 22 (1 4075 7] DA i X >4 T
fift.

NN-Coverage £ %] RNNSearch BT (Tu 45, 2016), FE@4ERE T —
MgER R, s L ER, RN TR &R AL R PERE .

TA-Model & G 2 ML g8 AL (R el g i, 42 H—> Interactive Attention >
PREFVE R s s, R {5 B TS .

253 REEE

X7+ NIST Zh—En %#i4E , {#iff] 16k /1) Byte Pair Encoding (BPE)(Sennrich 45,
2016) FRARRCR A TR AR R I 20 30, I M T A H A . IIZREE )10
HRORKEER 128, XFF WMT En—De #fid, BPE f& 4 ER s 32k,
AR A TRy R 128,

R T4 10 0 R T TR RE M BT, 0 S B /MRl 512, e
TR A5 09 U2 BOCHY 4R MAPERCE N 512, Frfs A0 i AL R (6 I 1 2
[—0.1,0.1] )3~ 434f (uniform distribution) . {4k 3832 2K | SGD(mini-batch stochas-
tic gradient descent), PR batch B /INE 4096 PFAF,  [R] B2 ) R JE 5 2
i3 Adam ¥ (Kingma 1 Ba, 2015)(8; = 0.9, 8, = 0.999, and € = 1e7%) A 4LHY -

DO 3 B2 A DA B0 42 i BiLY) LDC2002E18, LDC2003E07, LDC2003E14, Hansards portion of
LDC2004T07, LDC2004T08 and LDC2005T06

’http://pytorch.org

*https://github.com/nyu-dl/dl4mt-tutorial
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5K i g 5 AN B 5 1 S At o 2L B R A BT 7

Dropout rate 1% '# >4 0.2, beam size & 10,

Systems MTO03 | MT04 | MTOS | MT06 | Average
RNNSearch 35.75 | 38.68 34.69 37.61 36.68
RNNSearch* 42.03 | 44.58 42.33 4240 | 42.84
NN-Coverage 42.69 | 44.92 4274 | 42.79 43.29
[A-Model 42.83 | 45.14 | 4294 | 43.12 43.51
Transformer-base || 44.56 | 45.81 44.12 43.31 44.45

Our Method 43.73% | 4577 | 43.58** | 43.91** | 44.25 +1.41

K 2.2 PRV ST LR ATR

Table 2.2 Results on Chinese-English translation

254 HRASKRE

AREEHT =R R S B A VR RE Sy, I, A 1S LERS
—AN R, BERS ORI A P (R, HN e R B i BRI, R
BEAL ) X AL ) R lp el 2 ) B0 53 A 4 — il ) 5 2 2R U H
A {F BV RS — X — AR AR, P b 14 D17 S 45 S RE A 12 (R MR 28 [ s i 1)
e NI SR, XA T SR A AR 2o o AR BEL 2R

Systems Zh—En

RNNSearch 36.68
RNNSearch* 42.84

+ SA-NMT 43.52

+ TA-NMT 43.83

+ BA-NMT 44.25

% 2.3 P RHVRAT 55 25 e BRI LE R o)

Table 2.3 Results of each module of the Chinese-English translation

FATRIAAE h 3 BRAT 55 W I 4R B 45 2R A0 Table 2.3%1 i, 1RAA 7]
PAF | A Z 42 H ) History Involved Attention Model A 8UYE BT A AR I R #B#EE T
B 48 RNNSearch* 48, Hrp, FORGIA NI sy, BAUUS T 43.52
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Systems En—De

RNNSearch 25.76

+ SA-NMT 26.11

+ TA-NMT 26.32

+ BA-NMT 26.58

2 2.4 JRBTNVEAT 55 25 B BRI LE 7o)

Table 2.4 Results of each module of the English-German translation

BLEU (145 %, iX b RNNSearch* #2557 0.68 BLEU, [A|#:# H R 5| A H Frif
Dy s, FRATRBIAR L IRL RGEA T 0.99 BLEU [W# 5 . &R RE I T
&, WIS T 1.41 BLEU Ry 242, axX UERAFRAT AR LA S REAS A ROt o 3L A
R R AT

SAEAL I 4R AT AERR Table 2.443%), Syt RS0 BA-NMT [ eI H A
¥, HLL RNNSearch* A 0.8 BLEU H# . T FHacfigef@imi MES ERYER,
DA 518, BA-NMT B 52 BEAS 50 47 R ] 00 I o5 8., 4 s etk fe .

255 MFRESWT

TIN5, FATH BT Table.3. 1K ULH] T 51 2 HL45 FH
B B AR LS, 520 2R AT BA-NMT BAULE [ RE ) 7
HRIMAER G, TRiX BIRATR R T SR E e s 55 &1.2.2, & (D) #©Q)
K H T RNNSearch*, [ (3) # (4) 2k H AR BA-NMT, w] DAELLAYRT HE
BA-NMT U HIELAH Y Attention-NMT T i il AN IR B P 2 B X 55, B
BHRIIRNFE T, AT AR BITE BA-NMT B 5F I, — H—A i 1]
BEBE T, AR TORMIRIE, %0 B B B e — T2 LR, X B RH X
AR R D S A5 B TR B, FERE TR AR T A 2 B i, Fe i ss
— NI PR

R T RGP EH] BA-NMT BEBUTEN 55 ER L8R, FATHE BLEU 34501
SEFAUEHIFRA TR VAT ASE I SE AR B, (ER RN , TE AR By,
WEHAE SRR, FRFA TR G T e BRI, A
Wi E SRR SR, AN T R BA-NMT BRI 6E T, A2
I AER (Och, 2003) iX 845 R FEM 2L . %P4 4E, RT3k HLiu A Sun
(2015) X84, A E 900 ARy Xy )1, SRITAN T X551 i & .
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28

chinese

&
=93

T

ifair

to

> §
£ =
v © 9
LS 5 o o o c
EEE% 0%:55 2
= o ®
5 4 8 8 8 o0 £ 65 & £ » ¥ g
£
o
2
g
g o 4 s
m ™M
s = 4 8 8 % 6§ =
#*
A
O ]
el > H
9] © S =}
=1 0 =3 o S
o o o © c o =2
(o) = = o=
S o o 2 S =y 2 g2 =
355 .,.8E8,385 §52%§ 5 2 2
O £ £ v & 5 5 & S & o & £ e < g S
1- *gé-
E=3
a
xF
ik

ichromosomes

human

Pel 2.2 vpr Sl s B 5 Pl

Figure 2.2 Alignment diagram of examples in Chinese-English translation
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4531 52 Table2.5, #H L T- RNNSearch* 245, {1/ BA-NMT & %; AER 154>
ik, XI5 L.

SYSTEMS BLEU | AER

RNNSearch* || 42.84 | 44.03

Our Method 44.25 | 42.16

¢ 2.5 POSETHVRIT 55 LR 5% ot skt L

Table 2.5 Alignment quality in Chinese-English translation

2.6 AREING

FERX T TAES, N T — A5 AR P S2 £ 52 (Bilingual History
Involved Attention), X2 —~HEFREERIE T AR SRR . FA TR0
BB 2 AT E TR REAS [] b ORA50F H A g s A5 BRI o g S0 45 B S SR R 5
SR, XA A TR B R X R Y, A R HERR R B . ARIEIRR
TARRAE I AL BAL 5 RO R, R D AR R R M 2 L as B i
(=P OrRIEAT T S . SERR R AR S U — 2y, X UM AT Bilingual
History Involved Attention A7 RE5 7115 LU B A A S Ip YRS 57 e, JUHRAE—
BEAZ IR O o X AIRRIE AT DAA ROt G it ik B AN I Bl A IR
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E3E SIABEERHHRERFENFETRINRANSEMERR
3.1 [EEI 4R

AL HIFC LBUT 7BV, RS 8 LM TR R geiT
PLERIEA T EREETT. JR1, th T b s B AL I 2R @ A o = 110
XGETERE BRI m A IE S BR A o, AN REORIE I f A B SO A
BERECE R, AR TR SRR I A — S ) (Ruiz 2%, 2015),
M-S0 T R A R R AR B AR & B 22, XA 1) IR 32 22 S A
SR AE TR I Rt g B A I Gt 28 Tl G, R A M LS
SN A BRI

. x oA w5 — W W
Gold input
zhe féen 11 wu bdo hian yi féen shen (qing.
x Mmooy w5 — W
ASR-HM
zhe fen N wu bdo hin yi fen shén (qing.
$= S I 7/ B R S )
ASR-SP

zhe fen N wu bdo hin y1i fen

Reference | This gift is full of affection.

Trans-HM | This gift contains an application.

Trans-SP | This gift is full of mood.

A% 3.1 WA E PO R SE R R B

Table 3.1 Examples of English-Chinese translation with speech recognition errors

XFTIE SRR, Bl ERm RS AR, — S RIEE R
i — N RWAREIE RS, WA RGEMHEMNT, JeRES R RsccAs, F oA
i APLER R R GE B (Matusov 4§, 2006) . SR107, H T & U RS RE R R
FIE AR N AAEE , i RS R AT RS 1. VRN Zim R G ALES
B E AR — A R O R, B W I U SO AR (R R 4
FERA R N (Weiss 4%, 2017; Cho 48, 2017), [HIH, $& 5t 2 HLAS B0 &
A M A B, B R R S M E .

TESEPRiEE IR G, P S A S ORI R B A A &
ST, FEOEE RGNS S Wi, AR HLE B A R
PR3, MK Table 3.1( “ASR-HM” & [F] % RIEF4E 1%, "ASR-SP” EAHiL & RIEF
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R, “Trans-HM” Hl “Trans-SP” 73 5l Z 7% W A ML g B 1363 30), W DA H 7] 5 =
P HASIT 5 579 5 1 R S S DL AR B PR T A SR B . e AT,
FATHE S T A S RIEF 8RB 1E ¥ (SP-Amendment) F[H] & 51 T4k 115 1E
J7i (HM-Amendment), SEfile bR\, SH2sLmRu], FAHE 1M SRR
PRI 1 1 e A LA B R E MR A AR B E R

32 tEXIME

TEEE BRI ET , TS RN G 2R Bl B R A SCAS A i 1) il e 242
PlLasEiER G T, B S @yl fien SR EEa 0 En. 2R —
LB T4 e e LS 3 5T T R A R A D N R R SR TE R AU 1
H (Peitz %%, 2012; Tsvetkov &%, 2014), SCIGFRAHX B A — B FE B _E A SE AT DA
WA &AM AR A (Serdyuk, Wang, Fuegen, Kumar, Liu, and Bengio, 2018;
Berard, Besacier, Kocabiyikoglu, and Pietquin, 2018), {Hii&i) /2, XFhE L&
S IR B 2 AR A EXMELASAGR), M2 T, JRATRIITER A TR
B R

AT Sperber SR TR PR AR MR S AR S N ZRER VI ZRAIL g A 2
BATEN IR TSI T Al M, A SEIREE Rk A HIUS T AR/ Bk
Bk, AHAIR T IO SCR R BHFRCR 2UR R, TR I AU R 35 1y 08 T 4
P R A0 M A AR I B, T LA e T i AR ORAIE T PR RE Y
FRE o

TEDLER BRI, Cheng SF A T —Fh2ERIRYTIA, MAT52H T Ahig
MFHUEA TR, X PR DUREAS T AR A BT vy izl , JF Haid
G AL e T PR B e X i AN ) PR Bl /) R0 G S ) 1 [ I ot ik 31 0 P g AR AT
RMRFF—2, SR DA EAS AL AR R AL B SR B . SZMLE, FATR Ty
BALATILME A 1) FATH M REAS B 5 iR e A AL, (B IR A 7
SRR TEARRUETTE, 2) Tk R — MBS, MATRELTRRZ W
Fa JBATPEREVRL, 3) FATIMEM ISR A RN, AT LI ghph 2l g B
BRI 25 1) %25 #% (Discriminator); 4) YEA [FIREBER M R85, FRATAY 7 4%
W 7 g A\ AT AR R PERE

AT I7 1R B AL B 5 DUE & ARHEARSS &1 TAERE % (Sen-
nrich I Haddow, 2016). JUHMHE SHHE, WESEMPE, SRAENIXEE
SRR A ML A BHI¥F (Zhang £ Matsumoto, 2017; Du £l Way, 2017) F1H SCiE5 1R
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% (Chan FI Lane, 2016) 23 B . A LT BEE A — B8N A RS AL
AN BRI T, BAEE— R m i L as B B

33 ZREEE

AR 2 T Transformer 5% (Self-Attention based neural machine trans-
lation model) (Vaswani £%, 2017b) i 1) i3t . Transformer A5 [a] 4t /& —> Encoder-
Decoder [%51, (HEFEEE T THES A CNN Al RNN 2544, B
LA 56 A Y AL B, HERRR K, Transformer B8 HALH B
77 (Self-Attenion) A1 Hij it #4128 W 2% (Feed Forward Neural Network) 2H il . 33
TIHRFX] Transformer AU FEATIEAN M4
3.3.1 #gfLss

gihar i 6 PNE M FEE (layer) 2HAL, ™2 H A2 (sub-layer) 21
W, A BIR %  HYER )2 (Multi-Head Self-Attention) l— i i i) i 4 ir 2
W 2% 2 (Position-wise feed-forward networks)., FE 122 [a] i F % 2= ¥ 2% (Residual
connection), #FHIATIZFRELL (Layer normalization),

PRI AT ] AR N -

H(x) = F(x) + x (3.1

F(x) @3ATE Laypa%t, H bk B AR 25 2R R

so, = LayerNorm(x + Sublayer(x)) (3.2)

so. Fn TR o PRI A TR T2,

2 SR TIBL
TEARGER LB, R LR Ad A R kR :

¢ = Attention(Q, K, V) (3.3)

Q, K, Vi RIFRIRA AR, SRR MR B
SEGHEREIIEIM L, Z2RFEE BRI B— A 8. {5, 1
A hAAFRAR . B (H, SSmEBIErR, ZRER R b A4
AR AT Q K, V 275 -
Q. K, V' = QW2 KWX, VWi € [1, ] (3.4)
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t
Linear
I
Concat
pr
Scaled Dot-Product h
Attention
tl | 1l

Linear u Linear Linear
Vv K Q

3.1 2 JER IR P

Figure 3.1 Mulit-head Attention architecture

QLKL V' 3Gl 2 A, 4. {HLESS i 1 head YA RN, WzQ’ WlK, WY SR
%, h J& Attention head FEUE:, KRN MO = 3104

head; = Artention(QW;2, KW, X, VvW,;") (3.5)

R JERF AN R R ) RO SRR S R Pt K -
MulitHead(Q, K, V) = Concat(head,, . . ., head;, )W (3.6)

OB PRER 2 Sk BB, 12k | 38 U8 (mulithead Self-Attention) H1[7)
Q, K, VAHM[E. K328, TE Attention pREUEARTTE p | Transformer 5
AR AIH—ALi) s3feTE R ) (scaled dot-product):

T
v,
FHEC T Z BT I LH R JH ) Additive Attention FJ7YA, TE di LR/ MINHEE
R BRSO SR B IR, (B2 di BRI, A T48 M I m o
o, (HRORRTH B R, TR G 2R 5 e B de /N

Attention(Q, K, V) = softmax( )\ (3.7)

o B A ni i P 4
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|
MatMul
) A
SoftMax
)
Mask (opt.)
4

Scale

t
MatMul

t 1

Q K V

Pl 3.2 H—ALry ni T E R P

Figure 3.2 Scaled dot-product attention

AT IR R B A TERE AR 4% (Position-wise feed-forward networks, FEN),
K 2 )2 B g MLP 28T . (VB EEERRMNGZAWZE, S 20
HCE RelU, 55 2 — MM %L, 412R multi-head i 270y z, NI
FEN 1] PAZR7R N

FFN(Z) = max(O, Z * W] + b]) * W2 + bg (38)

JE2E X = FEN(2) 3647 dropout, fiJmfin— 322 3T ZAn AL .
3.32 f#fUss

fiff % (Decoder) [A]#f2 1 6 NAHIFIAY layers JZZH AR, [H2iX B layer £
g AR, G TEATE, 20T MBI TE. F—1TERZ
SkBERNE, Wi EH AR Self-Attention, {H2 K RyixXe— MM, 78
B2 i, KT i 2R B AR (s B2 B AR, B FRZMUE BT (masking),
W AVE F 2 B IR AR B E U R AR rp i AR 2 b i ). S5 AN T2
RHIBEERE, B TR R R G —ZMH h so. T ERE T
(1), A% HLn] U\%Hjﬁﬁﬁéﬁ%%lﬁ’ﬂ—%%ﬁ%ﬁ SRR gy R Multi Attention f
B3k B ) BB X 1Y Attention, i JE Self-Attention,

B A A AR S R AR
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* WA iR AR AT i — 1 ACE RS AR . TR B R T R R
RI2 Self-Attention, ‘BIKHE . {HK A ImiSasii L, ANk g E—07 BRiE e
)%

* il AE B AR | OB IR AR

* et AEMRI AR PR IR, SRR AT, IR AR
K, (EARID IR REHATHL— YR BT TP SR R, T2 R AR ER A 22 M 25— 5
TR, R RS R b OB A AR T A

333 (UEEBEHRE

(7 E 5 B %Y (Positional Embedding) 78 H 2815 7 AL BAT 55 2 R EEW A
P, AT DAL 3] B T A A REAR S PR A3 -5 ] 2 A SR IR &R, (H2
PPN G N SR DA R Y SRR A DK VA w1V = D A Sy 1 /i o) (1B S
ER T TP EEAME R T ATEL, SR EERIE R — MR BRI A8 A B g
KPR B ] P A5 S AE A W2 o Transformer ALK AN A L EVEA TS0 5
IR S 1 R AR BN I A LB 5, i J 5 7 6 R A g S A A5 215
(T ) o ASEZRAGE AN [RIA3A8 194 TE SR AR 5% B SO AR FRU AL ) 3

PE,,, 5 = sin(pos/10000%/dmoder)
p (3.9)

PE,,, 211 = cos(pos/10000%/4mede1)

pos FRBIRMALE., | FoRFRIATR I SRS [ 4, dunoaer Mg 0] ] EEYERE R/
(LE )= AT DA RS AP S AR, i8] DAMS SR E RS, R
/YA W
sin(a + B) = sin(a)cos(B) + cos(a)sin(B) (3.10)
cos(a + B) = cos(a)cos(B) — sin(a)sin(B)
XRHIEFS k + p @ ALE ) AT AR O 02 B & BYAFAE 0] B R LV ELSS , RERS
PR AU 3 791 2 8] AR RS B 56 ZR B BEAH 24 R ) ()

34 REHENEIIESENRE

LEEF O — AN RS, B ETRFEIEEZ 5.
T RIS T AR B i i e, IR IR A AR 1%, AR Ta-
ble 3. 21/ T H5 iR IEAL K L.

FATAE NRBEE T3 T X = AT IR T AT R (WER), $idi k5T 100 4
/NI R HRSCE RO, AR DUR R D R B AL, "Others” £
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BB | HE

i oE M
yi yin fan yi.
woE W

yi yin fan yi.

Ground Truth -

Substitution 9.4%

| oW
Deletion 2.3%

yin fan yi.

| woE W OT
Insertion 0.7%

yi yin fan le.

Others 16.7%

26 3.2 R UM BRI PUM B R R

Table 3.2 Error rates of three error categories for ASR

T A R R A, BRSO e B R A B S B A R 1 —
SR sE L AR, B 50% MUPLAR BIEET R SR R K, BT IR EU N
I BT AR R 0T R 135 0T R ) 5 M B R (Vilar 4%, 2006; Ruiz il Federico, 2014),
W R T HE— 25 S R R (R, o SOR A& IR 4R (Similar
Pronunciation, SP errors) F1 % 35N 2 [B] &S, & AT S et iR
(Homophone Words, HM errors), 7EixXEegEigmiint b, AR SCE SIS T X iR
BREE R Rk ET, RATRADGE MBI HIRAT I, A0
[T DARASRARL) 5= B oA 5

FATHY ¥ B A = M LA RS E S R A R B . It S
T — A5 MR B A A R IR EE S, S8R E &5 BRI
FIEF4E R (SP errors) FlA] & F B 45 1% (HM errors) Z41E. HARHupd, FA1HY
TIVEAIRANE -

L AR AR )1 BEALES AR & S e P i N [m] E F  iR, oR A
1 ASR errors;

2. TR E A M S RIEF RN IEF RS, BTG

3. RFIEFITE S BRSNS RIE PR RIZE R, Rl
e[ IR .

B 33K T INITVARAAN , L ETRICE R A SO R AT RE S AR, WO
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® x=EF E() Am2gE
F) Gate Function ) @&
O m=hE

_______________

3.3 MR P BRI St 5 A Pl

Figure 3.3 Encoder architecture of our noise model

FoR A IE E R &, X PR ERR I RO AT, FoNT S i i B
R SCPRE R TINIE R R, M RIEF R BEE, X2 SP errors )
SOLBR, AR A IE G PEE 5 B —> gate network P AT BB A Mk & (1)
WFHATHIE, X2 [F e SP errors Al HM errors [ 8 . FRATRAERE T RHY
AT RN A TA T ELAL,

341 JIZREEMIEFIRAER

SRR AT AR B, PA—E MR p € [0, 1] SRpE R TR
B oiBEE RN, ARk, WBkE A5 R S T O L
AL TF AT, AW 7 R R R 4 IR AR VIR AR vt B AR SR e g
e — T x, AR EFIE TR Vp (x) FFEE AIETHE Vim(x), Vip(x)
1 Vi () TS KA ZREEAEATRAATE], $ AR p (A5 R A K AT
REHL:
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ry ~ Bernoulli(p) 3.11)

re € {0, 1} A AR R L, p e [0, 1] BAAS AR o 1 RHER. 24
re B 1 IEHE, MMEEE V(x) Pk 4 HTF x B E xRS A, A
AR X P AR -

Count(x,)

plx) = >, Count(x?)
x,eV(x)

(3.12)

Count(x.) Fn7 x. FEMZRER AL, o 732 FITE & R A 2R R I 2k
Wb, BAHEAIEIEELE V(x) = Vip(x) U Vi (x) REAE]
342 tHIEFREFRIRELE

XTI SORYE, PEE R ARFRIFIR S, PP & LA
Bho MRIEE G N, — Pk nT AR O Ry, P BRI B PR EHE R EPFE
S — A0k, BN AR T REE G . FATE T &R R H Bl 25
KR A S I B A e O AR R R Bl B e, M B2 IR . o)
Sb, ATLAER BIDGEDEFE A AR + B R BE ARG . R, TDUR 2
B, 8 R RETIN PR 5 2RO R RE S B BRI PR BRI T A IE , ARSI 2 1E
BEAPFERAER B o (AU R AT ERR R A RE, SR g4 re b
e BER TP A, IR FRATAT AR I 22 R 4 ok AT I 25

g{ﬁ\%#/l\%jﬁuﬁ/@? X = (xl, v ,XJ), )EH u = (ula cees I/l]) %%%EX#EZH@E’IF%
B Rk T g HOH kAR, RETHEE g, BT DA

u = uj (3.13)

FAh, BRI AZR N

wi =3, .. uf] (3.14)

Hrp, KB w; (7B
FATFERTA AR, WAEPEE R RN TR, I A A A
NI ) R R . T AR AN A T S S R ™ 3] ) g

Euf"] = > (E[uf)) (3.15)
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E[| ZOREAMAREREFR, XL E e iR, ZaRe2hTHE
BRAE RSB, n] LA R AR5 0 B ) A B i BT SO )
(RIHT— A LR w1 MU — R i), KRI85 8 S RO o0
fiie XT u; T LARE] B R A R AR A

p™ ~ softmax (g™ (E[u;_1] + E[“ﬁin] + Efu;11])) (3.16)

() SRR ER R, PR IR T 2t 07 T A 75 5k ) o il i
TR ORISR AT AN, S0 T A 0 P k] o

Elf = > p"(1)+E[] (3.17)

[eVini (Mj)
Vi) FIRILEDI TR, p(1) FIRAEAR B 36T IR . e
HOBTIF S wy BT [ -

Elu;] = g(Efu;], B[], B[ (3.18)
§() B HEM B AL
343 AESHFHREE

X A e PR R, TRER DU 2 R E R DU R M P& 2 1k
B, A By sCERAL & e ARG, [ e 7 i Bl AT {3
TERA A5 B R BRI T3 TOE o AR — AR R B 1) ) ) R X
gt e B2 5t P (h, .. hy) SRIEFFTEIE, PARCORAS 2 E rER b5 i U2
IR

FATAT A L —~ gate network AT 1Y RURFRIATE IR, Z FrbA
K] gate network Sz 7 B AELE IR 1 B2 15 5 M1 24 Jin] EAFAENR ¥ 1 I U2 A5
BB, BT A S E0N R3], A RTUF IR, FER il
MR I AR, ST 7, XS PSR LI 2K, X FERE
A DA R ) P 3 I A PR A R T DA G 24 W B R 22 . 3
B J AR T S PEE Y gate FUEE A; 6 :

Wa, W, 71 W, RS U0, s A FATRTASh S ARy B P Br o ke
B, AR BB P i e = 2 -
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R, HORT G A IR R R BUN TR AR TRy AN H AR
il

3.5 SEIb
351 #iEEE

ANEE RN TR SO N R M AR, RS R A T
b, EEAFEPA A -

NIST Zh—En: F 384 A FE 1.25M BUEEXT!. Fof1388E NIST 2002 1F
AT TR, A5G 878 AIRGEXT, 4 NIST 2003, 2004, 2005, 2006 1E A3
T Tl se , 4 A634E 919, 1788, 1082, 1664 AJRGEXS, T4 P
B E IR R

CWMTI17 ZH—EN: 7 A EATIA e T T REAR IR, RIGUEFRATH
BAA R, CWMT i Be i 340 & 9.3M 9 XUEXT, i newsdev2017 Fi
newstest2017 43 HI1E A UEEE R T 145

P W EE4E , 8 Moses scripts® X 9 3CiRfi T tokenized . - H. 717
43 %I|{#i Fl T Byte-Pair Encoding(BPE) (Sennrich %, 2016), BPE & IR Bk B4
30k. XFFH O, KFA)FaE A SCF . T ChineseTone® TH K gfAF I FE Xt
INAEOE7 =

FATHE section 2242 F ANa] 76 T4+ A MR AR AL B SR F e, [
BRI E FX RS G M . AT IR p 4 B E R 0.1, 0.2, 03,
AT ABEADIAS [ AR 8 1 M 5 PR o A T ) D4 B 73 i 1) = e 5 R B ik
AR S, IXOREREAS AT 5 Tl S A A T I 17 = e I X

N TR G T B S T R A B, FRATTXE CCMT
2019 15 FIEAE S T MNRAE A TIPAG, MEER F 5L ASR L RIE5 R,
MRAE AL 956 AIXNGERT . AT AN ASHERE I T T 3.

URHE S 32 B2 M AT B8R 4 By LDC2002E18, LDC2003E07, LDC2003E14, Hansards portion of
LDC2004T07, LDC2004T08 and LDC2005T06

Zhttp://www.statmt.org/moses/

3https://github.com/letiantian/ChineseTone
*http://ai.baidu.com/broad/download
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352 LT

2k A G142 BT Transformer #5%4 (Vaswani 45, 2017b) [, Transformer 5524 7F
2B, R ) R SR IFIR T Fairseq-py (Edunov %, 2017). 7
5110 HE B0 A HE B Vaswani % (2017b) 365081 ) Base BRI SH0R R
. DA BRI ZeaE 61 8 - NVIDIA TITAN Xp GPUs iy 815 47 1
YIZE1Y , batch size # Jy 4096 tokens , K FK 4 100, STFELE RS, 1% Step
i5F] 100k, %3fE 1000 4 Step SRAF— AR SAL, )Xt filif’) S 4> Checkpoints
ST BACTA 5 R BT A

TEfRRS AR, 1% B beam size A 5, length penalty @=0.6 (Wu 5%, 2016)., %4}
XA 250 ] case-sensitive NIST BLEU (Papineni 4, 2002) scores , ¢ )5 i) BLEU
PEU ] mudti-bleu.pl.,

3.53 SRIG4ER

NIST NIST Artificial Noise CCMT
System P | Clean Speech
1 Sub 2 Subs 3 Subs Ave.
Baseline - | 4521 | 43.63 4224 4133 4240 | 11.08
Baseline+Pinyin | - | 45.11 | 43.88 42.83 42.02 4291

0.1 | 45.15 | 44.64 4423 4387 44.24 -
Our Method 0.2 |45.13 | 4483 4441 44.12 4445 | 1145

0.3 4495|4468 4445 4409 4440 -

#¢ 3.3 NIST % fi LG g )
Table 3.3 Results on NIST test datasets

SEI S5 R FATTHE R Table 3.3 AR, 4582 M2k nist03, nist04, nist05,
nist06 [ i) BLEU ~“F-35E , I ialAe A4 Tl i A A = D, 24X
£ 1 Sub, 2 Subs 1 3 Subs FRIZMIAER T3 Al44E 1, 2, 3DME, Mg
42 HM errors f SP errors, p 2%, Baseline+Pinyin 4t s 7F B A5 it EL Al
by HR PSR RBZFon g T o, PR RGN A T
PVEE . TESEIREIREN], ToiReTE NIST $l 41T 5510 2 CWMT $fla 41T
55 b, FRATHR I O RIAUME L T B A M iR B T BRI, S 4h, i)
DA AR 458
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B, ARG TR ERPIRA S5, (H@ AR IR B
RENEARE IR, X UL AT S uE i o 2 AL % 2R GO LS 3 PRI R Y 3R
PURARELE AR, X AEZ 1Y TAF Belinkov Al Bisk (2018); Cheng <% (2018)
AP

F4b, BRI rg AR B RRERI R, M T RARGOHA
PERERY R R, F BLAENR IR AR OO HE Tl i R 25— L, HERRER
FAEM AR LA R RN 2, 78 CWMT RAdEE ERYZIRE L EZ R
Hifm 2.44 BLEU, XULAFRMTAR G SRR, FIXEF A REH L TR
ST HE ST -

FANVTEAE-E S p o 0.2 BRI T el aiR , X U A R R e
R R A GRS i e LRI, FESE R grrh, K2 s8R RIS &R
IR R A REBUS S i OS5 AR . XS RESAR S A 18 -3 T AT 1 25—
AEEEN ARG M H BRI A T e, RAMASEF T RS, 45
RAR T ELRGAIIAA 0.51 BLEU fyf iy, vE— UM PF5 X — R aE A 2
P, AT FATRREAL, BLEU i RO ZE, RIAAFAR S R &k
PRERAERVE I 2R ok

RIGADAEE], BATHBFALE R § CCMT2019 (B S 5 F A IHASE Y
G, MKIRAIRT T baseline 47 0.37 BLEU R34 . A THEFA TEBLR 4R /Y
SCEREER, FETHAXTRN, FIDMERR3.2E S, ARSI R “Others” (5
BeR, TiiAE CCMT2019 fAE b, PR g2, SEi{ded “Others”
R 28 I RS DA o EE RN, 2 B A I E LS PAEE  J  Ae
THEAT B R I A B S S A BTG AR GETE HE BB 5 e ) ) 1 IR AR
R 7RG IS

Noise
System p | Clean

Ave.
Baseline - | 45.21 | 42.40

+SP Amendment 0.2 | 45.20 | 43.55
+HM Amendment | 0.2 | 45.30 | 43.77
+Both Amendment | 0.2 | 45.13 | 44.45

#<¢ 3.4 NIST Bt By sess i )
Table 3.4 Ablation results on NIST test datasets
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System p | Clean | Noise

Baseline - 1 23.11 | 20.23

+SP Amendment 0.2 | 23.08 | 22.12
+HM Amendment | 0.2 | 23.09 | 22.23
+Both Amendment | 0.2 | 23.13 | 22.67

3 3.5 CWMTI7 £l gl _Liiigmh 90085 4
Table 3.5 Ablation results on CWMT test datasets

354 HERSER

N T PR TSR AR, SRR A AT T
Jeile R IE e AR R, B TRE RIEE AR T I, AR
A TEE AR MK R A TS5 R . S 45 AE SR Table 3.4("+SP Amendment”,
”+HM Amendment” F1”+Both Amendment” 43 | FE /R A28 H R AL 5B F 1/
R, FORMIEE B aiine, FIEINSR A RIS O . ) F15% Table 3.53
TR T3] . "+SP Amendment” {77 VA$R & 1 ZR 58 HY BRI RN B 1R I 4075 fiE
71, WRHBEGEN T, ROBEAENNEIRE FBEEL RS +1.15
1+ 1.89 BLEU. "+HM Amendment” {5 ikt — 224 T R GEE M & AR _Ef=%
B, 7E NIST 4155 Ml CWMT {155 b7 5IHUS 1 +1.37 A1 +2.00 BLEU BT, 1%
YLRHPF & (5 B U AR N R — D EE EE AR RE, JTHRZE &R
5T

&), TEREHE A S R M E S SR E RS T, RS
T AEVERE, XRIIX BRI B AL, RERS DA AR A B

3.5.5 Training Cost

FATHY ST X} Training Cost i 7% [, HUERFRATT AR BY RN L R GEAE IS5
AP HY cost 284K, AT DAM K].3.45F 2| 3EA™ cost #43H,

M Training Cost 7 E P DA 2], AR INZRAUAE L T H L R GEAH
i, X R FATHR BB T —A> BRI n] DA R 2 3R], B 4
A TP PR E R XN RS2 I EL RS W m i BLEU (H, &
s —LE A e A B B A A Y BT B i% 7 . Training Cost i 2 MR FHY
BLEU Z5RKM , Z I ARG 1T AT T 280 i i 28 0 284528 1) 92 4k
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1.9 X Baseline

O QOur approach
18 pp:

1.7
1.6

15

Cost

1.4
1.3
1.2

11

100k 200k 300k 400k 500k 600k
Training Step

P¢ 3.4 Training Cost %} Lk

Figure 3.4 Training cost of the baseline model and our robust system

PEREATRAE T -
3.5.6 AR

AT, P T RATEAT A R B 0 IR I ) 5~ T R I, 45530 DATE
El.3.5F %, ATAMRBIRME B IERAWBAGL R EL RS, 7EAK 50 ZHi
MR e —EITHY, HAA K 50 25, BRREmA TRRW TR, X4
FACTEZ BIIE SCH A $E 3] (Bahdanau 4%, 2015).

teAh, A 2RI A ] AR T 21 BN SUE B FE A S
fHE, MRS B A B . FER MK RN, FoAT R GEAE T A e D i
£ I REAROL T B AR ALY o VAT v R SR ) S A R R S L A1
FAVBIRPERE, VL] T2 BRI i A B A R SR Sk

3.5.7 RfBliAA

1E3% Table 3.6, FRATHLMUE TP LRI T TR & BRI T, AR & =
BRI & R PR, RULA AT R Bl e A1
EEIE . AEXPIARBI, 5] ARG AR S (5 B S T RER, FEiE S
PREEH, IERARY A WOE S R ARG “Ab T, XA A R A
W, BT RSB FERER, B R PR IHARGIRBR N,
J& T & e PR D . AR 2 T AR A ) 25 S, {E
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24 |

20
18
)
m
3 16
-&- Our approach - 1 Sub
14 Our approach - 2 Subs

—~ Our approach - 3 Subs
—*-Baseline - 1 Sub

- Baseline - 2 Subs

—— Baseline - 3 Subs

10 20 30 40 50 60 70
Source Sencence Length

Pel 3.5 FEAS ] D b 1~ BE PR ST 45 R

Figure 3.5 Effect of source sentence lengths of input

SR THLAS BRI, “Ab3” M “ZLN” 2SR, @ BA FEIEX
3], el as B JOIR B T IR RS0, ARG 4R Ll AR
H, B ERE . AR AR RS, R T R TR IR
PIBHE R . XA BIEE R RN, FA RSB A BRI TEF H e A 45 RE )
A GRS e )T HA TR W AT R AU S B I SR AN DU B
FAERIIIA

2 o ik A FRg, it5g = ARA - R

Gold input
dongzud de  chufa hé gou chéng  shiin xu shi k& yi  tido zhéng de
Bk B Ak i Fa BT P AL TR
ASR-HM
dongzud  de  chufa hé gou chéng  shuin xu shi kéyl tido zhéng de
Baseline The order of punishment and composition of actions can be adjusted

Our Approach | The trigger and composition of the action can be adjusted

;A =Xt R el Rz A H R R sy

Gold input
woxidng zhegé shi wOmen héndud  yejie¢ tongrén finsi dedifang
ASR.SP E27%1 S > O A - Fefil Rz 7 N B iz
wo xidng zhege shi women héndudo  yejie héngrén finsi de difang
Baseline I think this is a place for a lot of our industry red people to reflect on

Our Approach | I think this is a place where a lot of us in the industry are reflective

% 3.6 TR IR 5 M2k RGEBRAE FUIIABE B %t Lo Bl

Table 3.6 An example of our model and baseline system model
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3.6 FAENG

WUARSK, TE& M AN ZARBORBORA T, I Se b Ll R G AL REdS
PRALET ASR B E R BRIV A « FEASCH, AT 5 TR 2 i i 2 B3
TR AP A ST R B R I Y B . — R R MBI AT &, TEIZh
A E T 1N e N e | S | B2 R i € S e SR e P (T
— @ MBS B AR R R, FRATTY 5 YR RS AL BRI A i IZ AP AE BT B I
G R AL S Z TR 4 5% (SP errors) 1] 2 3 JE 57 2 [ B R 4he it i
(HM errors). X SP errors, AT A BN SCHEE (5 B R EDEE BRI 7]
o X[ HM errors, FATE B A IEHE S H ERBUERIP RE SRR . £
B g AR T IRATEL L A R, FRATTAG T YA B AR A7 A FHL 3K 7 o IS 2R g g
T, RHEIRI A LA BRI EEE.
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F4E ETHEEENRESNZMENTRIHWAMUEHHAR

MHTRATI AR 2SR RRTEAE JE M BN SCE LR, R EIA T
Wk, FE—2ATFINAE ERERORE , B O e & PR 55 IS T
FEH IR AR . (R TE H AR TG TP B, P i AR AS 2T 1 — A
W, MBS —FE, B—RINETIHA . HR IR RS T 2084 Fi i A )
T MERIEREE, TR S S 15 B SCHTE SRR, XAE R
2 T RE 2 AR E E  EETMEAL ST, AR T RS R w22 . s
BRI ALEEIEREE, X2l A, RS 2 AR L i % Bl 1E
Mo BIEECT Transformer AU pH 22 AL R, 7R 2B REI T SUWERL T,
X T e B R IR RN AR . 4E SRR o (5 R OR I SR e 2 AL B R 1Y
PEREM B — R RIBFGE T 1], el — o I T e — 2otk R (364
R, BFASEE) FIB SR

RE LS| (D) | —2 LRSI FHE A BB IRE,  PATY & IR
fE E3C | (2) | AR R GRS A B R 2 Pl 75 s

HHdA | - | R TR, B RE RS R RS T

2 4.1 Pk wfe B on il

Table 4.1 Example of document-level content

BB S R AFEATE R 2, FEDLES M AR ZE LT 2 S
ARRELSRE S A, AT R A 3. A & R E R R R 2,
TS B AR A KRR IR AR, Y HT R edtRY Transformer §i%
RGO AR A B R . BATZRERIFNEL, M EEEA
A8 SO R R AR e i AR T, e 22 Wi 0l A A IR Y b SO R kx4
A A AT A IE . X R R T AR L, T DABI 4R R, it
B ESCR AT (L EARil), ATAMS RIS R TR TR GERARID)
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SRR, Wigde TR fmE AR R T AR ] AR LU 25 A
HMFEE.

AR E R MEAE 2B, — R A ED LA SR U 7 2 (F
SN, TR PR R £F B RO 2 i IRl A T GRS S AN TE e FRATT AT X o
PEARE UM LS BREE T A MR 35 AT, SR 41 1 BT J A B AL B T i
WO AR B, AINFEDR S S DU Z R E T — 3R X
23 AR S HUR = _E SO A R L, fea X R RE 2 A T 1 i i A 91 1
JEZFRIEATECS o FATHIRILAE Ted (IR EUR RS g ectt, W] 1A
ITIRBIA R

42 FBAXIME

S T M P — B LA B R ) — A B O ], TEGE TP B (SMT)
AL E &8 — 8 TR R B BT AZIWLAF#IE, (Hardmeier F1 Fed-
erico, 2010) s ] ] MR 2R e R IR SO i) S 3n] Z [RIRGHK AR, DARCEEALTR] Y
B, (Gong 4%, 2011) fff I 3T AL il AR T3 56 26 BCH R 38 P BBURH S Ik
EE, TR T s M E %, (Garcia 55, 2014) $& 3 T —MBHTINE, K
Xof 3t 388 ) - AR A A T

TE4 ] B RATR M LA, R it m g RV A R E AL,
(Jean %, 2017) #2117k, SR I HLHER T BT — M 0 BRI (5 B A TR, ok
XY RS AR I TR Y, PR g A HLgs B AL MR . (Wang 4, 2017) fift
H— DY JZ 9 RNN SR Z B =ANEA) T3 7m0, SRR AR A
s BRI E A . (Bawden 2%, 2018) {1 [l 22 i A3 A AL SR X i 25 H A iy
fE B T RAD, TR E T bRt LR SO E R

Voita &5 (2018) -t H| H] feZ A% B KX} Transformer RGEHEATE M, (HIATH 7
VR H A RFE B R SRR A AN IR, SER o A R KRR . AT
faEE BRI T i AR R A EEHMER, FEEEmEIER
BB

KT ORI R Z 50N TAERRON T s B 20T SCHNADLES Bl A
AUrpr, SR BT VERECRT DA AR — RIS SO T ST BRE R,
I BRZE R BRI LE BT, 2 (i) Cache Z2AFHL R AF i i 72
R s SR AR XE R ROIWTEBETE K, EHEZLEE I
HE R R AL BT L.
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Encoder-Decoder
Attention

Feed-Forword

{th

A

Self-Attention Self-Attention
A A T

Source Target
Embedding Embedding

P4 4.1 Transformer XM % L2844

Figure 4.1 The Transformer model architecture

I

43 REE=

AN ELERT 2 i i S HERY Transformer RGEVEATEE, FEf® EICRAL TR
AMEEZIE, ERRAIS RS IE— 23 m B T & i A R S

1 T B BB B S LAR) T, D A R e ) 2 T 1 B g A 5%
% (long-range dependencies) J-53- 25 24 B AT K IR (5 SR AR R 200 . i)
Z 32 ML (multi-head Self-Attention)(Vaswani 25, 2017b) Sk i18& fm 3 F 1
FERIR, PN ERESFK T I Z BRI SR AR KR E] O(1), i Err
F) N A BRRDO T2 i) S BB (Bahdanau 4%, 2015). £ 3kVE
AL X — AR IR IR A B SR E S PR 55 P A R

AT PAM K .4.17F 3| Transformer AR BEAEZE4y , A& fr7~, Transformer
B bt de g — 2 U2, a2 =172, BEXT Trans-
former RGLAHIA, TEH =FHH NG, EATMAHRENL . FATRFE
At AR H — >R & Encoder(.) K E L, bt pR %L Encoder(.) %A
WY, AT LARDUCE P P91, Gl i % 2 i A SR R R e 2 R
RFA, AR RN, RBRE YA AR LT XER.
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o O R S TR OO
i 130 () o L L

fang qi  diao sud you shi pin de bod
o oot R H OB M Kk &
R s 130 (2) U

wi zhén shi ji¢ hu lidn wing da hui
R W R N R & T ¥ B
i A . . -

shi hou hai zhi shi gé le ZI mu

2 4.2 R AE BRG] il

Table 4.2 An example with noise of document-level content

431 PHEFHE

PREAE N A BTSRRI, RS WU R RIS N A X AR A
TER, RS R N AR AN AR DT R R e, RIS e RS A
w, REERTETIFEFEMESEE, ML TR I, BUFFR
PP IR R R R 2, FATEE R4 20T AE S, ZOARich “FHE 2iEEH
PIRIEE, IEWR N % P, TR R, (HEX N APRE “zimu” 2
IEHRR o WATIERR A XA IR B, S RERFRNIERR , IR 2 I
I

44 BEEEHRRAEZFENGDS

eI RAE PR T A A, R DRI USRI AT AR 20 B X e 35 e AR
AEBE, RSB 2 ST R LR A 5 5 S AR R 1 B s B A2
R B, I BRI T PF B R S R T B S 2 i ) Z R R .
DU TR T T R BSOR AR R W i AR D, B R e )

* HIREE RSB SRR AR RZ IR, KRR R Z K
FIERTT, RG2S a R AP A RZ 30N, ARSI %4
B A . XA P AR R R

* R TR RBOR R RUR B _ESCP S S a i A SRR G, O
i —> gate network SRf TR B G A S ZALAS BRI 25

FAVERL A AE R A 20 AR 2, R RIS A TR th 75 R0 7 FL A
g
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Figure 4.2 Our document-level model architecture

44.1 IGEREBR SN

HER RN R IR R A OF AR REN 1) PRFIE T, PA—E
HIMER p € [0, 1] RIER G H R FRHNEF RIS T, WRgakd, Nk
WS FE R T AR P TR, XA & 7 T i R Rk e
GRAR T I BRI . S — DRI T x, A EFIETIE Vin(x) , %
HARR p BRI S3 M AT A A T R He

r¢ ~ Bernoulli(p) 4.1)

re e {01} RS HAMESH, p e 0.1 RIOSFISHEIH Y | Hfig. 4
re 1RO, MRS V(x) BRI — 24 H S x O xR S,
AMEET x. Wb A

Count(x,)

>, Count(x?)
x.eV(x)

Count(x.) F/n 7 x. FEYIZRER H BUIUREL, 4 T A2 A& R 50 2011 S 1T 25
Bl , EAERIMRE SR V(x) = Vi (x) RG]
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442 H—HiIEXZE THRAEEEIRE

AT s — YR X = () u = (!
et RFTREA I ], K A TR BRI, 30 ¢ R A
B TR SR PRI ¢ Ao 2 ) TP R KA 2 15 24 B 1 =
A, A= (d5, . dd L dd L dEY) RFERESE KA, A, B, E
TR AR, S KA KN F = A+ B+ E. fES5bE, Of
A S R AR bSO, TR R B A IR A, R
BE R R A A o, R A I 3 2R T AR B R (3 8, 482 PG
4T AW T T 0, T AR BRI B B . 7 DAY 3 2 g
EHERANd=(d,....ds....dF).

B SR GE, EXTRE RO, 1A S T R B
B, R AP A T (8 SRR AT X R TEAETE T S 1h
A R SRR R S (ERA 2T ] R A R
B AEVE SRR, T “zimu” 5 WU RHISERT (F W HE M), X
(R ERAKSI ERARN, 8 TN 2ES imu” 5 R 1%
R, R LRTE L, M T, Gt ig, —iE
RO IS, TR RO, W, 5 i T R
RO T AEVIST BRI REAS R “na b YR B haishi HUES T zimu”
T b B ARG, 3EfE IR B B 2 IR0 2k, “zimu” Al <o
B ORIRMIE, R TR 5O R, WIERE “dmu 5P
HHIE KR

XGRS D = (d1,....dp, ... dp) BT = (di,. . dy .

dr), AR IS AT SHER AT, fi A f 4 BIF%
KA £ A A RIS IR TR . R A
BT SRR T, BT R e, SRR p = 0.2 1A%
PV AT RAE B, BRI T A SR 24441, (L0 Rk
W TRAE G PR e, AR SR RIAAE & IR T R . i 4
SRR Encoder(.) TTRASE] = AN [ A BOARIE 2k

H* = Encoder(x!, ..., xi o, x5) (4.3)

J

H" = Encoder(u}, . . ., T/ u’) (4.4)
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H? = Encoder(d,, ..., ds, ... up,...,dr) (4.5)

1

HY = (b, b b J65 4 A AR V24677 51 HY = (B .
b, h%) FORL B AR RS, HY = (e, ek
hd) FTREEE LSO A R .

7L SCHEE], D M B S R R BB , )

i FH—> Attention pRECKRIREUREZ HAI(E B, FRZ A Doc_Attention, HAKINT :

¢/ = Attention(h, HY, H) (4.6)

f ST ARG j DF& IR i B B AR JJ 17 & . Doc_Attention
(¥ Query J& 4% j WimPf & 2 K/R hy s Key Fl Value Af[F], 2 E F3CH
BUZFRTA) HY . i G — AT LS TR R AN A B Y B 5 I T2 ]
IR, 81T Doc_Attention, DADFEAE Query, AT FEGSFZINE] w7 3¢
Hh B A R K R A

443 REFRERKEEES

LSTM K ST 2%, il I3HLi (zate network) i IFFF Wi 4 ki
S A 3 BT, RERSIC AT R, RIS AE A P s B
REEGERL, WO B B0 (5 B AR R T . 2 LSTM Ry %, 451195
BLAIE R B0 IR B, e 5 R 5 82 WP REER H

ST j AT AT R RR b, FT—/ gate network 78]/
A B, B e (R A (2 S R SR L SR, T gate
KA S T LT o H

hi = A; «hf + (1 - 4;) «¢f (4.7)

ate network IR 4; T DA

A =0 (Wi xhi + W, xcf)) (4.8)

o () & sigmoid AL pREL, W M W, BRI SR, HmAHMNFFEHY
P AR RRUZ 2R by o R gate network & RERSAE 5 B AT B ) A 5
AR PRI, PRI W] A ZEON GRS 2, SRR AT DA R R B A
R PABEAS 24 i) 1) A B AN 2 Hh IR i 22 o
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45 I
451 HIEES

AT, TR PR S EXTIRATHR IR B L AT IR IR, R Bl ds B
Y GriE k2 TED 8R4 (TED Talks ), 15k %2k H T International Workshop
on Spoken Language Translation [ 75 L TEAL#5 B3 PEM K P8 (IWSLT) 7£ 2014 4511
PHNTE S AP RYTERE, TED Bl i aggiols 3282 TED K& B i, IHH
F & E Y AEE #1454 TED Conference LLC. 4121, i f TED dev2010 /£ K51
SR PR IERIR . Ted tst2010, tst2011, tst2012, tst2013 Y& K3 4E S PEAL AR AL £
ZRYTERE, PUASIERER A 1570, 1245, 1397, 1261 AJXGEXT .

452 @ T

FEA B GE  EE LA A 2 BT Transformer 515 (Vaswani 2%, 2017b) [, Trans-
former 15 HUAE 2 T (1) B 56 TR UL , 1% HLR I 1) 2R 48 2 FHE T2 Fairseq-py (Edunov
8,2017) B9 S . RGET)FREA S 450 MK IR Vaswani &% (2017b) 18 3CH 2 21|11 Base
B SHOR R ER . FrA BRI 2648 2 AE—1> 8 > NVIDIA TITAN Xp GPUs
R AR S5 FUIZER, batch size 158 A 4096 tokens, )R i1 h 100, X1 E
LRG0, W% Step 15%] 100k, 4EFF 1000 4~ Step fRAF—IREUSEL, FJahf i
ILHY S 4> Checkpoints BEAT S48 2 Ja T SE HEA TR IE -

I TED 44k, Wiite st T Char (14318 7%, HAbrunfli ] 16k 11 Byte
Pair Encoding (BPE)(Sennrich 5, 2016) #AH0k #E-ATHUE AL 1Y 717 73 F1 .

XEETA B R SR H A RGBLE, A ) e R R/ N E R 512, Jnbd s
IR 5 ) B2 BT ZE BE R E 512, By S80I 3 AR 16 11 Y8 il 2
[-0.1,0.1] W3 514040 . AL R ) SGD(mini-batch stochastic gradient descent),
BRI batch BRIV 4096 A5 4F o [R] IRy ) AR 8 2 i 1 Adam 589K (Kingma
#1 Ba, 2015)(8; = 0.9, B, = 0.999, and € = 1e7°) 344k . Dropout rate X & K
0.2, beam size 5& 10, FEfRIS I FEF, % & beam size 24y 5, length penalty @=0.6 (Wu
4%, 2016), 7 AN &2 454 case-sensitive BLEU (Papineni 45, 2002) scores, iy
J5 B BLEU #E4 H multi-bleu.pl.

FAHES =F R section 224 B AL T ) AR U ] o S 7 e i
HX RS A AR, FEAS TR A S50 o R [ AR X Uk (5 A M g
2E) MR, RERR MRS p 20 i B 0.2, MBI SR MRS 5 . X4
WY BTET, MAscA AT RE S HRAIEE , 1T A 2 T R
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AR B ZEARA RKATR], PR A E i A I AR B A SR B e A T 2R )
BEIE, AERFRE] TS TR SEATDO B A M AR o 5 T I AR Y G R X
S SR 1) oS S W N e

453 JfLE R

AREAEDAT RGM T 5E5, KX RATRGE IR

RNNSearch* RNNSearch 258 1B, 56 2 1 4075 7] DA 13X A58 T
fift! .

Transformer Transformer #5071 Hy 23 5RCH H 19 56 4 B 5 T AL i) i 22 L
TR RGE, MR g i ) 7 90 ST o v R e B IR I 22 2% . 7
M fE B RNNSearch B2 .

Transformer+Doc Xif Transformer #5580 i 2215 5, _ 1 , Transformer+Doc
BN B G — AR S AR S B B, AR R A R B ) )
Query ZINFHIBZEFIR, HAWB BB FATI R G —FE

Clean Test Set
System
tst2010 tst2011 tst2012 tst2013 Average
RNNSearch 11.73 18.17 16.06 16.85 15.70
Transformer 13.86 20.08 17.73 18.38 17.51

Transformer+Doc | 15.55 21.63 194 20.32 19.225

Our Model 15.34*  21.46%* 19.22** 20.17*  19.05

A% 4.3 PRV 5 6 T DA SR B selaai R

Table 4.3 Results of Chinese-English translation on clean test sets

454 SCIGsEER

SEER A 45 RAE K Table 4.3(“1” /- b RNNSearch* #1414 REA B B4 1=
“x” FE7nAH HY Transformer A7 A B g #2157 o) 158 Table 4.4(“+” 227540 Hb RNNSearch*
BRIV REAT B 4R 5, “x” F2R A Transformer 24 B B2 5 . ) 3947 7R,
Horp 5k Table 4.3 27 TS LIWEER, 5K Table 4.452 AT 1 4 W20 €
R FI SRR .

"https://github.com/nyu-dl/dl4mt-tutorial
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Noise Test Set
System
tst2010 tst2011 tst2012 tst2013 Average
RNNSearch 10.13 16.22 14.14 15.05 13.885
Transformer 11.34 17.74 15.33 15.87 15.07

Transformer+Doc | 13.78 18.43 17.13 18.14 16.87

Our Method 14.07¢  20.18* 18.07** 18.99**  17.88

2 4.4 P IERHVRAE 55 TEMR 7 AR RS aoRt

Table 4.4 Results of Chinese-English translation on noise test sets

TETHMNALE FR9ZER , AT RS S Transformer FLAUA LY, ZEPDNI {4
FAEEEE T 1.53 BLEU, X UL EAE BT ATk THRER$E T, ME BT
SCREME AL GE R B IRPRAEARSR AT B 5 2. . 734k, FTRAFE #| Transformer+Doc 451
BFET e BRI S0, (HETEMR & A R TR AR = 1]
S, XU Y F SRR R R LA B R G B S e I R R B R AR
ANWER, XFEZ B TAE Belinkov F1 Bisk (2018); Cheng 55 (2018) A ##2 2.
T FRATRBIATE T e RIFERIOL R, AH T Transformer F 3547 14 g
H R, I HAEMR S AR b gh RAO el i e RS 25— 5, X Transformer
TEMEE AR B S R BT AER £, 45 B L Transformer+Doc A1 %5 1.05
BLEU. XUtPHRATRG M EEETR, ExhES iR BRI TR 13

HREST

p

System
0.1 0.2 0.3

Our Method | 17.32 17.88 17.93

2 4.5 AP AR p MScde 8 R Rt b
Table 4.5 Results on different substitution probability p

HHN, AEFRAS T AR B SO TR et AR AR T i SE R g R
TERHMER p = 02 F1 p = 0.3 Z L p = 0.1 PEHRELF, X Ud AR FR B 1
BRI A SR AE IR . XA ER BRI B 5 A THE L Bl 2k b 4
I —A SR RS
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Figure 4.3 Effect of source sentence lengths

455 AR

ATV T AT EA [ R IR 1) 7 TR I, Z9R 0T AR 4.3F
#), AR R0 G R IATMEBALA R B RS, FEAK 50 ZHTEGE R
—HRET, ESEKHEE 50 25, BIERESA T TR, XERTEZ R
WA $EF] (Bahdanau 5%, 2015).

HeAh, Al 2 R I Ay ] AR I 21 BN SR B FE R A S
R, SO RS B A B . FE MK R N, FoAT R GEAE A e D ik
£ I REAROL T B AR ALY o YA i R SR A IR R R S L A1
FAVBIRPERE, VL T2 BN TR i A B A RS A Sk

4.6 AREING

St BT B T T A — B AT (RN, IS EE) RB SO, A
HAF R, Wb A LSS —FhB ST, FATTRHT A A e 2 A5 ok
Xof W i AEAT A B R AR A IZ AL RE Sy, AT R TR R A AR
— AU LA s A T PSR BUE F AR, R UM SR B 5
SRR R A TECE A RN T . SEIR A RUER] T RA B A R, ATy
B R b A N R A, B RGR I AR .
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E5E RBE5RE
51 RA&

Plasilieie B R H A B _ERATSS, 2 B AAEF AL BEEORIG AR, M
(01, i 2% SRR B BN S IR ATE A I AT AR R 5 45 o i A 2 AT Lt B A
UTPAE RS 79 WLE Ut SR EAUR MR 1, PERERCR AW BRI 5T -
X EUA LA B R SR, S AT R EEE , SRR R TR S A AN R R
MEASHBIENE, FEANDGE AP A DF X — B SRR AR B B, X bl
R A e I A R B AR

AT T AR EIF R G T, FRR TAEART

L. Rl XU PR Mg S A B Ph e LA T P

T B (Attention Mechanism) AR R HE 38 112 G¢ B # 2 LA B3 A 4
AE, TERIPLEN SIS AT DATE MR RS B BOA e P P RATIE 5 A0 1110
FEARAE M H AR . SR1, WA KBRS R BT i 2L B,
A i A0 05 ) L F R 7 A AR e P, X S BT R T 1)
BN B SF A DR, JCHORAE— SRR DL R, ML B2 JO A T 1k
BRIESC. N T P — R, ASCHR I T BRI S ML Bilingual History
Involved Attention, Fli & XU B 12 Jy 2 FYTE R IR . % R WL 237 4 1)
ORI B H A AL Y D S A5 B AN BRI AT D S5 R . A SR Ty
RAEDUEREAT 5, 78 NIST U8 UG T 1.4 BLEU {Hi9PERESR T, H A5
JCRIP AP AR B R AE A L R T XS A

2. SIABEE(E SR HLAT TN 105 2 UM A R B P etk

TEVFZ SEBn B b, M e HLAs B R L UAL BER B B Zhif i R A R 4
(ASR) A, M TFIEF RS R al fe & — 28y, JUH AR IR B
PR A R, G S BRI — ST T Y ) R R R
XA AL 2 S ERIRERE SR T Fe . AR E Bl R G 27 A AR
A R, — 2B ZR AN AR G I A — SR, o lra A s A
TFECR BB IR A AR SCAPHERYER T — AL BLX PN 53k, AR
R R R TE B RS A A BRI . B SR IR B A 718 MOR AL, 5 11
Iilf AR DR AL, MR b B R o A PR — 8. HR, KRS RIE
FHARIL 5 8 71 B SiEE R s R, AT BRI DEE (R B B E i
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R =ik PR VNG AEL NI SR S XU e 4 €7 A v N 9 R
EE IR A CE BN, FRREH TR,
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XFFEE RIS AL R, TEE RIS REER SA RSN, WAF A
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PEARHT A KI5 -

52 RRE
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